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Knowledge and awareness are vague, and perhaps better called illusions.
Everyone lives within their own subjective interpretation.

Itachi Uchiha
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Summary

Motion sickness is becoming a more significant concern with the rise of automated vehicles
and the increasingly extended application of driving simulators. In traditional cars, drivers
and front-seat passengers can usually anticipate the vehicle’s motion, which helps prevent
sickness. In automated vehicles, however, people often take on a passive role —reading,
looking at screens, or simply not paying attention to the road — while the vehicle auto-
matically moves through traffic. This induces conflicts between what the eyes see, what
the body feels, and what the brain expects, increasing the risk of motion sickness. A simi-
lar problem occurs in simulators, where visual cues and physical motion are generally not
fully in natural agreement. Building on this, sensory-conflict models have been developed
that fuse vestibular and visual cues and whose predicted integrated conflicts correlate with
reported motion sickness. Yet most of these models were tuned to match group-average
sickness responses in simple laboratory experiments, ignoring vision’s role and individual
variability. Validation of these models is limited for the typically more complex motion
stimuli that characterise passive automated driving and modern simulators, where vision
can dominate and motion differs significantly. Moreover, validation often relies on Motion
Sickness Incidence (MSI) — the predicted fraction of people who vomit over a given expo-
sure —which captures only the most severe outcome, but misses the lower-level symptoms
(nausea, dizziness, oculomotor discomfort) that are best avoided as well. For automated
driving acceptance and simulator usability, models must thus predict these sub-vomiting
severities and their time course, incorporating visual scene properties, and person-specific
susceptibility.

To tackle these challenges, this research first collects and uses data from both real-world
driving and simulator experiments, focusing on how sickness develops in each individual
instead of considering only aggregated group averages. All datasets involve passive driving,
with multiple motion and/or vision conditions tested within the same participants, enabling
controlled comparisons of inside versus outside cabin view, real versus simulator driving, or
different motion-cueing algorithms versus no simulator motion. From this collected data, it
was quantified that while stronger motion generally causes more severe sickness, the way
motion sickness develops and progresses can vary greatly from person to person, making
group-average models systematically biased for many users. This thesis demonstrates that
personalised models which adapt only a few parameters per person can yield significantly
more accurate predictions of motion sickness over time.

Another key part of the thesis investigates how vision affects both people’s perception
of motion and their development of motion sickness. Through careful testing and com-
parison, the research reveals that existing models struggle to accurately predict both how
people perceive movement and how sick they might get, especially when it comes to sit-
uations involving visual cues. Some models predict perception better and others predict



sickness better, but none do both well with their current designs and proposed parameter
settings. After careful testing, SVC-VR — the Subjective Vertical Conflict model with a visual
rotational-rate input — was selected as the best compromise for sickness prediction. Still,
how vision and motion together cause sickness requires further study.

Next, the thesis makes an important step forward by developing a new model framework
that combines general group trends with minimal selective adjustments for individual dif-
ferences, making it possible to predict how motion sickness accumulates in each person
over time and in a variety of conditions. Instead of treating everyone the same, this frame-
work estimates two key accumulation parameters — representing motion sensitivity (gain)
and how quickly sickness develops (time constant) — for each individual. Building upon
these personal parameters, a stochastic population model capturing the distribution of
these parameters is presented. This allows the model to simulate not just one person’s
experience, but the entire range of possible responses in a population. By sampling from
these distributions, it becomes possible to predict how a group with different suscepti-
bilities will respond to new motion conditions, reducing the need for large-scale human
testing. The approach demonstrates strong predictive power even on data from scenarios
not used for model parameterisation, supporting its use in practical vehicle and simulator
applications.

While SVC-VR showed promise for sickness prediction, a physiologically valid sensory-conflict
model should ideally predict not only the resulting sickness but also the underlying spatial
orientation perception that drives the conflict. To evaluate this unified predictive capabil-
ity, visual—vestibular integration was tested in a pitch-perception study with 32 participants
experiencing ramp-like pitch motion at 0.5-5 deg/s under Only Vision, External/Internal
Vision, and No Vision conditions. The perceived pitch amplitude was underestimated by
about 20% with an average 0.75 s delay, and vision had no significant effect when mechan-
ical motion was present. With its original published parameters, the SVC-VR gave unre-
alistic pitch perception estimates and even predicted an opposite direction perception in
the Only Vision condition. After retuning the SVC-VR model and adding vestibular percep-
tion thresholds, its capacity for matching the experiment data improved markedly. These
findings reveal the limits of current parameter settings and highlight the need for careful
parameter tuning to support vision-aware personalisation and joint perception—sickness
modelling.

Building on these advances, the thesis applies the modelling approach to develop a new
motion cueing algorithm for driving simulators. This algorithm actively minimises motion
sickness by adjusting how mechanical motion is presented to users in the simulator, taking
into account both the predicted conflict between different sensory signals and individual re-
sponse patterns over time. The result is an algorithm that reduces motion sickness by over
50% compared to traditional methods, without sacrificing the (subjectively reported) sense
of realism that is essential for effective simulation. Importantly, this method shows that
real-time motion sickness mitigation is achievable and that such solutions can be used to
make automated vehicles and simulators more comfortable for a broad and diverse range
of users.



In conclusion, this work demonstrates that motion sickness can be predicted and miti-
gated at the level of the individual by modelling how conflicts accumulate over time and
how visual conditions shape both perception and sickness. The core contribution is a per-
son-specific predictive framework that captures large inter-individual differences with two
individual parameters and significantly outperforms group-average models. Building on
this, a model-predictive control motion cueing algorithm was developed that reduces sick-
ness in simulators without sacrificing realism, illustrating how the models can drive practi-
cal mitigation. Together, these advances provide a foundation for automated vehicles and
simulators that adapt in real time to each passenger, improving comfort and supporting
broader acceptance.






Introduction

You have control over action alone, never over its results.
Therefore, begin your work without attachment.

Bhagavad Gita, 2.47




1.1 BACKGROUND

As transportation technologies evolve, especially with the projected rapid rise of auto-
mated vehicles, a new challenge has been introduced for passenger comfort and safety. In
traditional vehicles, occupants can often anticipate motion either as front-seated passen-
gers or as drivers, but in future automated vehicles, users are expected to become passive
passengers who engage in activities such as reading or using electronic devices (Bertolini
and Straumann, 2016; Griffin and Newman, 2004; Kuiper et al., 2018; Salter et al., 2019).
In these scenarios of eyes-off-the-road driving, the motion experienced is fully controlled
by automated motion planning algorithms, leaving passengers unable to anticipate or pre-
pare for unexpected movements. This passive role can increase conflicts between visual,
vestibular, and expected motion cues, substantially raising the risk of motion sickness (Diels
and Bos, 2016). If left unchecked, this problem could become a significant obstacle to the
widespread acceptance and success of automated vehicle technology (Diels et al., 2022).
Driving simulators also share the same issue of motion sickness. In driving simulators, real-
istic (unscaled) visual motion is presented with scaled-down, or even without any, physical
motion. This causes a mismatch between expected and perceived motion, eliciting motion
sickness (Bos et al., 2020). Even though these two examples — cars and driving simulators —
are different and referred to as car and simulator sickness (Golding, 2016), respectively, the
inherent mechanism that causes motion sickness in both, i.e., sensory-expectancy conflict,
is the same (Reason, 1978b). Therefore, an urgent need is present to better understand
and manage motion sickness in these environments, so that automated vehicles can be de-
signed to optimise passenger comfort. However, addressing this challenge is not feasible
without robust predictive models of motion sickness.

Motion sickness is a syndrome that arises when there is a mismatch between sensory sig-
nals sensed by the body (such as from the eyes and the vestibular system) and what the
brain expects to sense (Oman, 1982; Reason, 1978a). These mismatches, commonly called
‘sensory conflicts’, can be caused by exposure to a wide range of self-motion and orien-
tation cues. The symptoms of motion sickness typically include sweating, headache, dizzi-
ness, and stomach discomfort, which can increase in severity to nausea, retching, and even
vomiting (Bertolini and Straumann, 2016). Some of these symptoms have been observed
across various species (Bauerle et al., 2004; Hickman et al., 2008; Wang and Chinn, 1956;
Wassersug et al., 1993), indicating the fundamental nature of the mechanisms involved.
Despite these numerous studies, the exact origin and processes of motion sickness con-
tinue to be actively researched.

Motion sickness is a broad term and encompasses many subtypes, as seen in figure 1.1.
These subtypes are generally classified into three categories according to the conflicting
sensory modalities (Reason, 1978b): (1) the presence of physical motion in the absence of
corresponding visual input; (2) the presence of visual stimuli suggestive of motion without
actual physical movement; (3) the simultaneous presence of both motion and visual cues
that are either uncorrelated or contradictory; and (4) artificial imagery is presented that
creates a self-motion percept differing from the real world, a specific challenge in driving
simulators (Bos et al., 2021). This thesis, will focus on modelling car and driving simulator
sickness, where the vertical motion is of a smaller magnitude compared to other directions



of motion. The aim is to make a model that is accurate for use in real cars and driving simu-
lators. Furthermore, it is anticipated that the proposed model may demonstrate adequate
generalizability to other forms of motion sickness, such as air, sea and cyber sickness.

Motion Visual

Head-
Mounted
Virtual
Reality

Screen-
based

(Cinema/

Desktop)

Figure 1.1: Types of motion sickness. This thesis focuses on car sickness and driving simulator sickness.

Two main theories are often used to explain the development of motion sickness: the
Neural Mismatch Theory (Oman, 1982; Reason, 1978a) and the Postural Instability The-
ory (Riccio and Stoffregen, 1991). The latter posits that postural instability is a necessary
and sufficient condition for sickness. However, as noted by Bos (2011), this strict causality
is debated, as instability may not be the cause of sickness, but rather a parallel symptom or
a precursor that occurs as the body struggles to maintain balance in a provocative environ-
ment. Consequently, this thesis extends on the well-known neural mismatch theory, which
has the most developed mathematical models (Bos and Bles, 1998; Khalid et al., 2011a;
Wada, 2021) and argues that motion sickness is mainly caused by a conflict between the
actual sensory signals and the signals expected by an internal model in the brain. This is
shown in a high-level representation in figure 1.2. This internal model is thought to work
like a neural store or observer, estimating the body’s state by combining imperfect sensory
signals (Angelaki et al., 2004; Laurens et al., 2013; Merfeld et al., 1999; Oman and Cullen,
2014). The estimation error or conflict, which is the difference between the sensed and ex-
pected cues, is believed to cause motion sickness after sufficient magnitude and duration
of exposure.

Understanding how this conflict leads to motion sickness has practical importance. Im-
proved knowledge allows sickness to be predicted and controlled in vehicles and simula-
tors (Wada and Yoshida, 2016; Wijlens et al., 2022) by explicit adjustment of vestibular or
even visual inputs. This can also enable participant pre-screening (Bos et al., 2010; Irmak
et al., 2020). However, traditional models often predict sickness at the group level, using
measures such as Motion Sickness Incidence (MSI), defined as the proportion of people
who will vomit (Bos and Bles, 1998; Lawther and Griffin, 1988; O’Hanlon and McCauley,
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Figure 1.2: High-level representation of motion sickness models based on neural mismatch theory.

1974). While group-level relationships, such as the effect of acceleration magnitude, have
been described (Irmak et al., 2020), these models do not capture the full progression of
symptoms, such as the lower levels of sickness which do not relate to vomiting or the hy-
persensitivity effects seen on repeated exposure (Golding et al., 1997; Oman, 1990).

Models that predict motion sickness trajectories in time, such as the Oman model, have
been developed previously (Oman, 1990). Furthermore, personalisation of model param-
eters has been shown to significantly improve predictions of motion sickness scores at the
individual level (Irmak et al., 2020). Despite these advancements, validation of these mod-
els has predominantly focused on responses to purely one-dimensional vestibular stimuli.
In contrast, real-world environments commonly involve mixed acceleration and different
sensory conditions, which require more advanced models that take into account both vi-
sual and vestibular information. Furthermore, current models are limited in their ability to
account for variations in motion sickness associated with differences in individual suscep-
tibility. Although these models can be fitted to an individual’s motion sickness trajectory,
they fail to generalise to other individuals because they do not establish a relationship be-
tween motion sickness susceptibility and the model parameters. Consequently, a clear
research gap remains that makes generalisation across populations difficult and limits the
predictive usefulness of current individualised modelling frameworks.

The effect of vision is also limited or even absent in most current sickness prediction mod-
els. This is at odds with the fact that visual cues play a particularly noteworthy role in
motion sickness development. Motion sickness is made worse in many situations where
visual and vestibular information do not agree, such as when strongly moving visual stimuli
are presented without matching physical motion (as in simulators and virtual reality) (Bos
and Bles, 1998; Nooij et al., 2017; Wada et al., 2020). The incidence and severity of sick-
ness are increased in automated vehicles and during simulator use, where all users act as
passengers and often prefer to engage in other activities (Bertolini and Straumann, 2016;
Bos et al., 2020; Griffin and Newman, 2004; Kuiper et al., 2018; Salter et al., 2019). In this
context, vision can take three forms: external vision, when the outside view is available and



broadly congruent with the motion; internal vision, when only the vehicle interior is seen
and is often incongruent with the motion; and no vision, when the eyes are closed. Existing
models lack the capability to capture visual inputs, and those that include vision, lack em-
pirical validation. Consequently, a research gap exists concerning the quantification and
validation of the effects of vision on motion sickness development.

Most of the motion sickness models have been solely validated on datasets with purely
vertical motion stimuli, such as McCauley et al. (1976). The performance of these modelsin
driving scenarios, which include more horizontal-plane accelerations, is therefore subject
to evaluation. Thus, there is a need to collect, test and validate the existing models on
driving datasets, either naturalistic or from driving simulator studies. This may result in
the modification or updating of the parameters of the models.

1.2 OBJECTIVES

To develop a motion sickness model for predicting motion sickness in automated vehicles
and driving simulators, this doctoral thesis aims to achieve the following objectives:

Objective 1: Collect, measure and predict motion sickness in person-specific metrics.

Objective 2: Evaluate how vision influences perception and motion sickness in humans
and computational models

Objective 3: Develop a personalisable mathematical model capable of predicting variance
in motion sickness, for application in motion cueing algorithms that regulate
sickness in driving simulators.

By achieving these objectives, it will be shown that accurate and personalised prediction
of motion sickness is possible, and could be used to optimise comfort, safety, and testing
efficiency in future automated mobility and simulation environments.

For ease of navigation, this thesis is divided into seven chapters. Chapters 2 and 4 corre-
spond to Objective 1, while Chapters 3 and 5 correspond to Objective 2. Chapters 4 and 6
correspond to Objective 3. Finally, chapter 7 discusses the findings and gives recommen-
dations for future research. The overview of the dissertation is given in figure 1.3.

This thesis utilises datasets that were either independently collected by the author, or ob-
tained from datasets and publications from external researchers specialising in comparable
domains. In chapters 2, 5 and 6, the dataset was independently collected by the author
and his research group. In chapters 3 and 4, the used data were sourced from previously
published datasets and publications, which are detailed in tables 3.3 and 4.1. Overall, this
thesis uses four datasets obtained from real vehicle driving and four datasets obtained from
tests on a driving simulator. All datasets involve passive driving, with multiple motion and
vision conditions tested within the same participants, enabling controlled comparisons of
internal versus external vision, real versus simulator driving, and different motion cueing
algorithms versus no simulator motion.
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Figure 1.3: Structure of this thesis

In chapter 2, "Amplitude Dynamics of Motion Sickness,” the relationship between stimulus
amplitude and motion sickness development is studied. The effect of a sinusoidal stimu-
lus with different magnitudes in different sessions was tested on participants with their
eyes closed. A linear relationship between the amplitude of motions and motion sickness
severity was found. Oman’s accumulation model was adopted to describe the build-up
and recovery of sickness over time, including post-exposure effects and hypersensitivity. A
first step toward personalisation was made by identifying which parameters could be fixed
at the group level (e.g., an output scaling with exponent 0.4 to accommodate amplitude
changes) and which should be estimated per person (e.g., accumulation gain and time con-
stants). This enabled accurate predictions of an individual’s motion sickness evolution.

Chapter 3, “The Role of Vision in Sensory Integration Models for Predicting Motion Percep-
tion and Sickness,” investigates how the integration of visual information affects the predic-
tion of human motion perception and motion sickness. Here, published models of motion
perception and motion sickness were validated on previously collected datasets. Both nat-
uralistic driving data and laboratory motion paradigm data were used for evaluation. Un-
derstanding subjective motion perception is also crucial for identifying if the mechanisms
linking physical motion stimuli to motion sickness responses are present in the models. No
model could accurately capture both motion perception and motion sickness. Thus, a uni-
fied model that jointly captures perception and sickness remains to be developed. The SVC
model represents an encouraging step in this direction, as it integrates sensory processing



with good motion sickness predictions and motivates future work towards more compre-
hensive models. As a practical compromise for sickness prediction with visuals, SVC-VR —
Subjective Vertical Conflict model with visual rotational rate input — was selected for use in
subsequent chapters, while a unified model that jointly captures perception and sickness
remains to be developed.

In chapter 4, ”"Personalising Motion Sickness Models: Estimation and Distribution of Indi-
vidual-Specific Parameters,” the focus is placed on methods for estimating and modelling
individual differences in motion sickness susceptibility. A model framework was developed
that combines a group-averaged conflict-generation model (SVC-VR, as selected in Section
chapter 3) with an accumulation model (building upon Oman’s model from chapter 2) that
accounts for individual differences in motion sickness susceptibility across various condi-
tions. Three available datasets containing sickness in naturalistic drives and driving simula-
tors were used. Furthermore, a stochastic model for the distribution of model parameters
was developed, enabling population sampling to simulate variance in motion sickness re-
sponses. The model framework demonstrated good performance even in unseen (for the
model) datasets with an average RMSE of 0.47 MISC. This model reduces the need for large-
scale experiments, potentially accelerating research and development.

Chapter 5, “Impact of Physical and Visual Motion on Subjective Perception of Vertical Orien-
tation,” examines how both physical and visual stimuli influence the subjective perceptions
of spatial orientation that are known to contribute to motion sickness. The effect of vari-
ous pitch velocities and vision conditions on human perception was studied in a simulator
experiment. It was found that, on average, humans underestimate pitch by 20%. The ef-
fect of variation of vision was found to be not significant. Models of motion perception,
specifically the SVC model, poorly captured the experimental observations of orientation
perception, with the published parameters. However, with adapted parameters, the SVC
model provided a good fit. The study revealed the complexity of sensory integration in
motion perception and demonstrated the limitations of the current models.

In chapter 6, "Reducing Discomfort in Driving Simulators: Motion Cueing for Motion Sick-
ness Mitigation,” an advanced motion cueing algorithm is developed and evaluated to min-
imise motion sickness in simulators, while maintaining realistic motion perception. Human-
in-the-loop experiments were carried out to compare the proposed motion cueing algo-
rithm with the state-of-the-art. The proposed motion cueing algorithm was able to reduce
motion sickness by 50% from MISC of 3 to 1.5 without any significant reduction in subjective
perception of realism. This is a significant advance in achieving control of motion sickness
while having specific force recreation in driving simulators. This achievement paves the
way for more immersive and tolerable long-duration driving simulator experiences.

Finally, chapter 7 presents the overall conclusions, summarising the key findings and contri-
butions of this work, and outlining recommendations for future research and application.

This set of chapters significantly advances the understanding and predictive capability of
motion sickness models in vehicles and driving simulators. Through the development of
personalised metrics and models, it contributes to overcoming limitations of group-average
approaches, enabling more accurate, individualised predictions. The work also thoroughly
explores the role of visual inputs in sensory integration, revealing limitations of current



models and offering improvements to better capture human perception. Most importantly,
the creation and validation of a mathematical model framework that integrates these in-
sights allows for a direct practical application in motion cueing algorithms, demonstrating
a substantial reduction in motion sickness during simulator use without compromising re-
alism. Collectively, these contributions provide a foundation for optimising comfort and
safety in future automated mobility environments and enhancing the realism and toler-
ance of driving simulators, thereby pushing the field toward more personalised and effec-
tive solutions for motion sickness mitigation.
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Amplitude and Temporal Dynamics
of Motion Sickness

Life is really simple, but we insist on making it complicated

Confucius

This chapter is based on [2) Irmak, T., Kotian, V., Happee, R., de Winkel, K. N., & Pool, D. M. (2022). Amplitude and
Temporal Dynamics of Motion Sickness. Frontiers in Systems Neuroscience, 16.

The appendices for this chapter can be found at Appendix A.



Abstract

The relationship between the amplitude of motion and the accumulation of motion sick-
ness in time is unclear. Here, we investigated this relationship at the individual and group
level. 17 participants were exposed to four oscillatory motion stimuli, in four separate ses-
sions, separated by at least one week to prevent habituation. Motion amplitude was varied
between sessions at either 1, 1.5, 2 or 2.5 m/sz. Time evolution was evaluated within ses-
sions applying: an initial motion phase for up to 60 minutes, a 10-minute rest, a second
motion phase up to 30 minutes to quantify hypersensitivity and lastly, a 5-minute rest. At
both the individual and the group level, motion sickness severity (MISC) increased linearly
with respect to acceleration amplitude. To analyse the evolution of sickness over time, we
evaluated three variations of the Oman model of nausea. We found that the slow (502 s)
and fast (66.2 s) time constants of motion sickness were independent of motion amplitude,
but varied considerably between individuals (slow STD=838 s; fast STD=79.4 s). We also
found that the Oman model with output scaling following a power law with an exponent of
0.4 described our data much better as compared to the exponent of 2 proposed by Oman.
Lastly, we showed that the sickness forecasting accuracy of the Oman model depended
significantly on whether the participants had divergent or convergent sickness dynamics.
These findings have methodological implications for pre-experiment participant screening,
as well as online tuning of automated vehicle algorithms based on sickness susceptibility.



2.1 INTRODUCTION

Motion sickness is a syndrome that arises as a consequence of a wide range of self-motion
and orientation cues. It is characterised by symptoms of sweating, headache, dizziness,
stomach awareness, where these symptoms usually grow in severity until nausea, retching
and ultimately vomiting occurs (Bertolini and Straumann, 2016). The fact that adverse mo-
tions may, in a wide range of species (Bauerle et al., 2004; Hickman et al., 2008; Wang and
Chinn, 1956; Wassersug et al., 1993), cause a diverse set of symptoms is peculiar.

Therefore, the aetiology of motion sickness remains an active area of scientific inquiry.
There are two main theories of motion sickness, these are the “"Sensory Conflict” (Oman,
1982; Reason, 1978a) theory and the ”Postural Instability” theory (Riccio and Stoffregen,
1991). The most developed mathematical models and tools exist for the sensory conflict
theory (Bos and Bles, 1998; Khalid et al., 2011a; Wada, 2021). Therefore, this paper will
study motion sickness through the concepts of state estimation and sensory conflict, and
will not cover postural instability theory nor attempt to evaluate postural precursors to
motion sickness.

The sensory conflict theory (Reason, 1978a) argues that motion sickness is mainly due to a
conflict between the sensed sensory signals and the sensory signals expected by the brain.
These expectations originate from an internal model, which takes the form of a neural store.
The conflict leads to adaptation of the internal model. In the formulation of Oman (1982)
this conceptual model is likened to a Luenberger Observer (LO). The LO has an internal
model of the system (body) and sensor dynamics. Due to the imperfect and noisy nature
of the sensory signals, one cannot use the sensor measurements directly. Instead, the
true states of the system must be observed (estimated) by integrating sensory information
using an internal model of the system itself. Indeed, there is strong neuronal evidence for
the use of internal models for state estimation (Angelaki et al., 2004; Laurens et al., 2013;
Merfeld et al., 1999; Oman and Cullen, 2014). To quantify estimation accuracy, the central
state estimates are passed through an internal model of sensory dynamics and compared
with the actual sensory signals. The resulting error is the estimation error, or the sensory-
expectancy conflict. It is hypothesized that the magnitude of the conflict and the duration
of exposure then leads to the subsequent symptoms of motion sickness.

There are practical implications that come with a firm understanding of the relationship be-
tween the magnitude of sensory conflict and motion sickness accumulation. Firstly, such
knowledge allows us to better generalise motion sickness predictions to mixed acceleration
environments that are ubiquitous to vehicular transport (Feng et al., 2017). Such predic-
tions may then be used as an objective function to minimise sickening vehicle motions.
Secondly, a functional model will allow for the development of control algorithms that can
automatically adjust the amplitude of sickening simulator motions such that participants
track a desired sickness trajectory. Currently, in experimental studies, researchers must
fix their stimulus beforehand and hope that participants do become sick, but do not ter-
minate the experiment prematurely. Active control will allow for setting the desired level
and variance of motion sickness, which will increase the statistical quality of data collected.
Lastly, a predictive model of sickness accumulation will allow for tuning of automated ve-



hicle algorithms to the susceptibility level of the individual passenger, whilst also allowing
prescreening of participants for a desired level of susceptibility. To allow for these novel
methods and technologies, the mathematical process that links sensory conflict to the time
evolution of motion sickness must be elucidated.

For simple motions, such as single degree-of-freedom vertical or horizontal accelerations,
the conflict vector is assumed to be proportional to the acceleration stimulus itself. There
is literature on the relationship between the acceleration magnitude (a proxy for the mag-
nitude of the conflict) and group-level responses to sickness. Lawther and Griffin (1988),
for instance, show a linear relationship between the amplitude of vertical accelerations on
ships and motion sickness incidence (MSI), which is the percentage of people who vomited
during the exposure. Likewise, using the more sensitive metric of mean subjective illness
score, they also observed a strongly linear relationship between acceleration amplitude
and sickness. However, their tested acceleration amplitudes were only in the range of
0-0.7 m/s?, which covers a small linearisable part of the complete, possibly nonlinear sick-
ness amplitude dynamics. Indeed, looking at the data of O’Hanlon and McCauley (1974),
in the range of 0.25-3.9 m/s2 there seems to be a sigmoidal relationship between acceler-
ation amplitude and MSI. The subjective vertical model developed by Bos and Bles (1998)
captures this sigmoidal relationship by first rectifying the conflict vector, and then input
scaling it with a non-linear Hill-function. The resulting scaled conflict is then integrated
with a second-order system, to match the MSI observations of O’Hanlon and McCauley
(1974).

The approach of combining sensory conflict and accumulation model is unique because it
clearly discriminates between conflict generation, which is a by-product of spatial orienta-
tion and state estimation, and conflict integration, which leads to motion sickness. There
are two shortcomings in this approach. Firstly, at the practical level, the motion sickness
prediction is made using motion sickness incidence (MSl), defined as the percentage of peo-
ple that have vomited. This misses the finer increments in symptom development that pre-
cede vomiting, which are more relevant for most practical applications of motion sickness
modelling. Secondly, the approach conflates the internal dynamics that lead to sickness
at an individual-level with the averaged group-level dynamics. For a physiologically valid
model of motion sickness, the final sickness predictions should map to individual ratings,
not group-averaged ones.

An individual-level model of the temporal dynamics of motion sickness was developed by
Oman (1990). This model is also uniquely able to describe the phenomenon of ‘hypersen-
sitivity’, which is an essential part of sickness development over time. Hypersensitivity is
characterised by the fact that after exposure to sickening motions, any further exposure to
sickening motions leads to a more rapid rise in sickness than in the initial exposure (Golding
et al., 1997). Modelling hypersensitivity is particularly relevant for automated driving, as
sickening motions are usually separated by long durations of rest (i.e., at the traffic lights).
In our previous work, the Oman model was validated in the context of motion sickness
generated by slalom manoeuvres performed by a car at 0.2 Hz with a lateral acceleration
of 4 m/sz, for up to 30 minutes (Irmak et al., 2020). Here, it was seen that the model
provided a good fit to subjective sickness scores as measured on the Misery rating SCale
(MISC) (Bos et al., 2010). Moreover, using the Oman model, parameters governing the tra-



jectory of motion sickness could be used to predict individual responses in re-exposure to
the same paradigm. This indicated a high degree of intra-individual repeatability in sickness
dynamics. In this previous experiment, we only used an acceleration of a single magnitude.
However, in traffic, humans generally encounter mixed acceleration stimuli. The original
form of Oman (1990)’s model predicts the end level of sickness to be a quartic of the in-
put acceleration amplitude. This is because of the model’s ‘slow’ path acting as a gain on
its ‘fast’ path and the output power scaling, p, shown in Figure 2.2, being set to 2. It s,
however, not clear whether this proposed amplitude relationship is correct. Nor is it clear
whether the Oman model can generalise to fit sickness for different acceleration inputs, or
whether its parameters must be refitted on a case-by-case basis.

In the present study, we assessed the relationship between conflict magnitude, using ac-
celeration stimulus amplitude as a proxy, and the temporal dynamics of motion sickness
symptoms at the individual-level. We did this by exposing 17 participants to sinusoidal fore-
aft motions of four different acceleration amplitudes. The experiment was performed in
the SIMONA Research Simulator at the Aerospace Engineering faculty of TU Delft (Berk-
ouwer et al., 2005; Stroosma et al., 2003). In the subsequent analyses, we first confirm
previous literature findings for the relationship between acceleration amplitude and group-
level responses. Uniquely, we show that motion sickness at an individual-level for different
stimulus amplitudes can be modelled adequately with individually varying Oman model
time constants that are independent of motion amplitude, but the same group-level aver-
aged power law scaling at the output for all individuals. Moreover, we show that the Oman
modelinits current form can forecast the future evolution of motion sickness, but the accu-
racy of the forecasting is dependent on the qualitative form of individuals’ sickness dynam-
ics. This has important consequences for prescreening of participants for motion sickness
experiments, and tuning of automated driving algorithms to individual passengers.

2.2 METHODS

2.2.1 Ethics Statement

All participants provided written informed consent prior to participation. The experimen-
tal protocol was approved by the Human Research Ethics Committee of TU Delft under
application number 1425.

2.2.2 Participants

In total, 17 participants completed this study (mean age: 25.3 years, STD: 2.6 years; 2
female, 15 male). The 17 participants had a mean motion sickness susceptibility question-
naire short form (MSSQ-Short, Golding (2006a)) score of 16.2 (STD = 10.1) indicating that
they had above average susceptibility, corresponding to the 65" percentile.
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2.2.3 Apparatus

The experiment was performed in the SIMONA Research Simulator at TU Delft (Figure 2.1).
The simulator has a six degree-of-freedom hydraulic hexapod motion system, which can
provide a maximum displacement of 1.12 m, a maximum velocity of 0.9 m/s and a maxi-
mum acceleration of 13 m/s2 (Berkouwer et al., 2005; Stroosma et al., 2003). The partici-
pants were placed inside a closed cabin, within which they were seated and secured using a
five point harness. To prevent unwanted head movements, their head was supported with
a neck restraint. To remove any visual cues, they wore blackened goggles and the cabin
lights were turned off (see Figure 2.1). Continuous communication with the experimenter
was possible via an intercom system.

(a) (b)

Figure 2.1: Experimental setup. (a) is the SIMONA Research Simulator used in the experiment to elicit motion
sickness via fore-aft sinusoidal motions of differing amplitudes. (b) shows the second author as a participant in
the experiment, wearing a 5-point safety harness, a neck restraint, and blackened glasses

2.2.4 Task

Each condition was tested on participants with a rest of at least 1 week (mean: 30.6 days,
STD: 20.6 days) in between any two test conditions. In these sessions, participants were
subjected to sinusoidal fore-aft motions at a frequency of 0.3 Hz. The amplitude of the
accelerations used were; 1, 1.5, 2 and 2.5 m/sz. The choice of the highest acceleration was
constrained by the maximum possible simulator velocity of 1 m/s. The choice of the fre-
quency was based on the highest frequency observed for which the population incidence
of sickness does not decrease (Golding and Markey, 1996; Golding et al., 1997; Irmak et al.,
2020).

In each session, participants underwent two motion exposures. The first exposure lasted
for 60 minutes, or until the participant reached a MISC of 6. They were then permitted 10
minutes rest, after which the second exposure lasted for 30 minutes, or until they reached
a MISC of 6. After which, they first rested for 5 minutes in the simulator, and then for as
long as they desired to in the staging room. At the beginning and end of each motion, the
motions were faded in and out with a linearly increasing and decreasing amplitude from



zero to the level specified over a 10-second period.

Each session only tested one amplitude of the range of acceleration stimuli. Due to time
limitations and a desire to sample as broad a range of amplitudes as possible, conditions
were not repeated. This is justified by good trial-to-trial repeatability found previously in
the measured motion sickness responses (Irmak et al., 2020; Miller and Graybiel, 1969).
The order in which each amplitude was experienced was balanced between participants
using a Latin square. This prevented confounding effects of habituation between the dif-
ferent amplitudes.

2.2.5 Quantifying Sickness

Participants were instructed to report their sickness on the 11-point MISC scale (Bos et al.,
2010; Reuten et al., 2021). The MISC scale is anchored to specific motion sickness symp-
toms: 0 is no symptoms, 1 is uneasiness, 2, 3, 4, 5 represent increasing severity of non-
nausea symptoms from vague to severe, 6 is mild nausea, 7 is moderate nausea, 8 is severe
nausea with 9 and 10 being retching and vomiting, respectively. The MISC is useful because
the ratings are directly linked to symptoms, which is not the case with other scales such
as the Fast Motion Sickness Scale (FMS) (Keshavarz and Hecht, 2011) and the Magnitude
Estimate scale (Bock and Oman, 1982). Having a non-anchored scale would make the ulti-
mate aim of minimising of sickness predictions with respect to vehicle motions infeasible. It
has been reported by Reuten et al. (2021) that there is a clear non-monotonic relationship
between a MISC level of 5 and 6 in terms of the feelings of unpleasantness that are often
used to characterise the sickness response. However, recently De Winkel et al. (2022) have
demonstrated that this observed break from monotonicity was semantic in nature. The dis-
comfort associated with each level of the MISC, as it was used to express motion sickness
during exposure to a sickening stimulus, was found to increase monotonously and the MISC
could be characterised by a power law of exponent 1.206 (De Winkel et al., 2022). All to-
gether, these considerations were deemed sufficient to warrant using the MISC directly for
our modelling work.

Every 30 s, a 1 kHz beep was played over the simulator intercom to prompt the participant
to verbally state their MISC level. In addition to this prompted response, participants were
told that they could voluntarily give a MISC report whenever they thought it changed sub-
stantially since the last response was requested. Responses were recorded on audio and
transcribed after the experiment session by the experimenter. The audio recordings were
voice activated and recorded only for the duration the participant was speaking. Each MISC
rating given by the participant was time stamped to the start of the audio sample.

Drop-out Rate & MISC Rate

To quantify the dynamics of sickness with respect to acceleration amplitude, the severity of
sickness must be specified. To this end, we used the MISC rate and the drop-out rate. The
MISC rate is defined as the MISC rating at the end of motion exposure, divided by the time
in minutes to this end. Whereas, the drop-out rate is simply defined as the percentage of
participants that have prematurely terminated a motion exposure.



2.2.6 Sickness Model

The sickness accumulation model in this study is the Oman (1990) model shown in Figure
2.2. Here, the input to the model is the magnitude of the rectified sensory-expectancy con-
flict. In advanced sensory integration models, the sensory conflict is a product of the state
estimation/motion perception process (Clark et al., 2019; Wada, 2021). In this experiment,
the motions encountered were simple fore-aft accelerations and the sensory conflict was
therefore assumed to be proportional to the acceleration stimulus itself.

The output of the model is a generic sickness level, which may be quantified with a sickness
rating scale such as the MISC. In the model, there is a ‘fast’ path and a ‘slow’ path. The fast
path is given by a repeated root second-order system with a time constant ;. The slow
path is given by a repeated root second-order system with a time constant f,. The slow
path controls the gain on the fast path. The existence of the two paths, enables Oman
(1990)’'s model to describe the phenomenon of hypersensitivity.
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Figure 2.2: Oman’s model of motion sickness development in time. The rectified conflict signal |c| is fed in to the
model. There is a fast (upper) path and a slow (lower) path. The slow path multiplies with the conflict as the gain
of the fast path. Both systems are second order with repeated poles. The fast and slow path are then summed.
The model has either an input power scaling or an output power scaling given by u”i and u?e, respectively

The original form of the Oman model has an output scaling (¢”°), where the sum of the
fast and slow paths are raised to the power of 2 (p, = 2), a choice which has, to the best
of our knowledge, not been validated. An alternative is an input scaling, which represents
a direct sensitivity relationship between sensory-expectancy conflict and motion sickness
at the input level, as proposed in Bos and Bles (1998). In this study, both input and output
scaling were explored, but as output scaling provided a better fit to the data, this is the
model form reported in the results. Nevertheless, we discuss the effect of input and output
scaling in the discussion section.

All poles of the Oman model are negative, meaning it has a stable response that eventually
converges to a steady-state level of sickness M I.SCy,. For a step input of amplitude A, the
effect of output scaling on the model output, is given by the equation

MISC,, = (K A% + A)P (2.1)

where K is the gain of the fast path and p, is the output power scaling of the conflict



amplitude.

Error Metric

The formulation of the Oman model considered in this study has four parameters. These
are the fast and slow path time constants g, f,, the gain K and the output power scaling
exponent p,.

The error metric used for the optimisation was the mean absolute error (MAE), which is
given by the equation:
= IF- Al
MAE= “—/— (2.2)
n

For each iteration of the optimisation an error is calculated using the predicted MISC ratings
F; and the measured A, ratings. The MAE is not scaled, this means it fits the higher MISC
ratings more faithfully than the lower scores. Moreover, it is easy to interpret, as the MAE
directly quantifies the average absolute deviation from the observation.

Optimisation Procedure

Three variations of Oman’s model were fitted to the individual participants’ data:

1. Session Fit, Unit Power: As a baseline for how well the model could feasibly fit the
sickness profile, but also to assess how the model parameters may vary between
conditions, each session was fitted separately. This means that the time constants
P1, B> and the gain K were fitted for each individual session, and thus stimulus am-
plitude. The power was assumed to be unity, i.e., p, = 1, and fixed for all fittings.
The optimisation was performed using the MATLAB fmincon function. Due to the
presence of local minima, this was done using 10 multi-starts.

2. Joint Fit, Individual-level Power: The first model does not have a generalisable am-
plitude relationship from which one can make predictions across acceleration levels.
For this reason, the sickness to amplitude relationship is assumed to be an idiosyn-
cratic property of the individual, and so another model was fitted where the power
law term was allowed to vary between participants. The fits were done jointly for
all conditions for a given individual, meaning that both the time constants (f; and
p,), the gain (K) and the power law (p,) terms did not vary within an individual be-
tween the different conditions, but did vary between individuals. The optimisation
was performed using fmincon with 10 multi-starts.

3. Joint Fit, Group-level Power: To assess whether an individual power law was needed
to adequately capture the sickness observations, or whether a group-level power
law metric is sufficient, the model was fitted with a power law p, term that was
fixed between participants. The fits were done jointly for all conditions for a given
individual, meaning that both the time constants (§; and f3,) and the gain (K) did not
vary within an individual between the conditions. The optimisation was done using
fmincon with 10 multi-starts.



2.2.7 Statistical Analysis

AlCc

Models with more free parameters generally give better fits to experimental data. To as-
sess the significance of such additional model parameters, we used the corrected Akaike
Information Criterion (AlCc). This is a measure of model fit that is based on the likelihood
of the data given the model, whilst including a penalty term for the number of parame-
ters. It is a corrected form of the AIC where the parameter penalty scales quadratically,
but approaches the AIC when the number of observations, n is many times larger than k2.
Fabozzi et al. (2014) explains how to interpret the absolute value of differences in the AlCc
between the models, in terms of strength of evidence. According to these rules of thumb,
absolute differences in the indices >2, >6, and >10 provide positive, strong, and decisive
evidence, respectively, in favour of the model with a lower AlCc value.

Friedman Test

As our metrics do not satisfy the assumptions required for parametric testing, the Fried-
man test was used for statistical comparisons between different amplitude conditions. The
Friedman test is a non-parametric test analogous to the parametric repeated-measures
ANOVA. The significance level is reported in much the same way as in an ANOVA, where a
p-value that is less or equal to 0.05 is taken as indication of a statistically significant result.

Logrank test

Logrank test is a hypothesis test used to compare the survival distribution of two sam-
ples. In this study, it was used to compute a pairwise comparison between the termination
curves of different motion conditions.

2.3 RESULTS

2.3.1 Group-level Observations

The experiment proved to be very sickening. Figure 2.3 shows the group-level results for
all 17 participants over the first 60-minute motion exposure. The dropout rate for all four
conditions is shown in Figure 2.3(a) and was high, whereby the three highest amplitudes —
2.5,2.0, and 1.5 m/s> — had similar dropout rates after 60 minutes of approximately 94%.
The lowest amplitude setting had an appreciably lower dropout rate of 64.7%. Using a
logrank test between the amplitudes 1 and 1.5 m/sz, 1.5and 2 m/sZ, and 2 and 2.5 m/sz, a
significant increase in drop-outs were found between the survival curves of 1 and 1.5 m/s2
(Bonferroni corrected p = 0.0047), 1.5 and 2 m/s* (p = 0.0107), but not between 2 and
2.5 m/s? (p = 0.473). The hazard ratios were 1.64, 1.56 and 1.25, respectively, indicating a
monotonic increase in the probability of dropout with increasing acceleration amplitude.

In this experiment, the most discriminative measure of how sickening a certain stimulus



was given by the MISC rate. Figure 2.3(b) shows a monotonically increasing MISC rate on
average across the group of participants (for the individual MISC rates of all participants,
see figure A.1). This monotonicity is further supported by the fact that a linear model
provides a significantly better fit to the MISC rate data than a constant (intercept-only)
model (AICc =-1.92 vs AICc = 29.4).
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Figure 2.3: Main group-averaged results for the first motion exposure. (a) indicates the early termination rate
where participants reached a MISC level of 6 prior to the 60-minute mark in first motion exposure. (b) shows the
median MISC Rate (as the solid black line inside blue shaded box) the mean MISC Rate (black circle) and the 25th
and 75th percentiles (bounds of the box)

Figure 2.4 shows a more detailed breakdown of time to reach each a certain MISC rating,
where the left-most lightest coloured bar graph for each condition is for a MISC of 1 and
the right-most darkest colour is 6, for all tested amplitude conditions. Both data for the
first (shade of blue) and the second motion exposure (shade of red) are presented. Figure
2.4 again shows that with increasing amplitude, there is a decrease in the time it took to
reach a certain MISC level. Furthermore, the presence of motion sickness hypersensitivity
is observed during the second motion exposure, shown in the yellow to orange coloured
bars, where time to a certain MISC rating is reduced by 61% on average compared to the
first exposure.

2.3.2 Oman Model

As motivated in Section 2.2.6, three model variations were evaluated: the Session Fit Unit
Power, Joint Fit Group-level power and Joint Fit Individual-level Power. The results for these
cases are presented separately in this section.
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Figure 2.4: Time to reach a certain MISC level as a function of amplitude during the first and the second motion
exposures, given by the blue and orange-shaded bars, respectively. Colour saturation indicates sickness severity:
the lightest shade (leftmost) corresponds to MISC 1, progressing incrementally to the darkest shade (rightmost),
which represents MISC 6.

Session Fit, Unit Power

For the Session Fit, Unit Power case, the Oman model is fitted to all amplitude conditions
individually for each participant, as also done in Irmak et al. (2020). Figure 2.5 shows Box
plots of the fitting errors (MAE), the gains, and the long and short time constants for each
amplitude condition.

A Friedman test shows significant differences in the MAE, with an average of 0.54, ()(2 =
9.15, df =3, p=0.027) across motion amplitude conditions, meaning there is a signifi-
cant difference between model fitting accuracy across the different amplitude conditions.
A post-hoc test, however, shows no significant difference between any set of individual

amplitude conditions. On average, E;,;,, is 0.94 (STD =0.29).

Figure 2.5 shows a significant downward trend in the gain of the model with increasing am-
plitude (y? = 12.8, d f =3, p = 0.005). There were no significant differences in either the
fast nor the slow path time constants across the amplitude conditions (;(2 =4.05,df =3,
p=026and y*> =143,df =3, p= 0.7, respectively). On average, p, and B, had me-
dian values of 73.6 s and 510.4 s, respectively. The implication of this is that the fast and
slow path time constants are seen to be acceleration amplitude invariant and can thus be
considered a constant property of each individual.

Joint Fit, Individual-level Power

The Session Fit shows that the gains change as a function of input amplitude, whereas the
time constants may be fixed. To get a single set of parameters (rather than amplitude de-
pendent gains) that will predict across all amplitudes, the model requires an output power-
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Figure 2.5: Box plots showing the mean absolute error, the gain and the two time constants of the Session Fit,
Unit Power model variation. The Box plot is in standard form, with the centre black line indicating the median,
the dots indicating the means, and the sides of the box indicating the quartiles. Some outliers are above the
maximum y-value limits chosen for the respective subplot.

law scaling. In the Joint Fit, Individual-level Power model variation, the dynamics of sick-
ness with respect to input amplitude are given by allowing this output power scaling p,, to
freely vary between individuals. This means that the amplitude sensitivity, just like both
the gains and the time constants, is modelled as an idiosyncratic property unique to the
individual.

For this model variation, the joint error E;yn was 1.01 (STD = 0.23), this is only marginally
above the 0.94 of the Session Fit model variation (which is clear from the time domain plots
shown in Figure 2.7), indicating that the model simplification from 12 to 4 parameters was
successful.

Joint Fit, Group-level Power

In the previous model form, an individual power term was used. This power term can
be fixed such that only three individual parameters are required to describe the motion
sickness response, rather than four.

Figure 2.6 shows the variation in the joint error term E;;,, as a function of the output

power scaling, which was fixed for the whole population. It can be seen that the error term
is minimised to 1.028 (STD = 0.23) when the output power scaling p, is 0.4. The medians




of the other Oman model parameters for output power scaling were 66.2 s and 502.4 s for
the fast and the slow path time constants (#; and f,), respectively, and 70.8 for the gain
(K). Using the output scaling of 2 proposed by Oman (1982) led to an error of 2.54, higher
than the minimum we find using an output scaling of 0.4.

Contrary to previous findings by Irmak et al. (2020), there was no correlation between the
fast and slow time constants (r = 0.074). This may be explained by the fact that we tested
multiple amplitudes rather than one in the current study, fitting all concurrently with an
associated output-scaling term. This may have reduced any potential correlation between
the two time constants. A second factor may be that the previous finding was a spurious
correlation, which this study was not able to replicate. This is plausible because the two
time constants in fact represent different classes of responses, hormonal and neural (Oman,
1982). These are likely to be independent and uncorrelated processes.
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Figure 2.6: The error term E;,;,,, with respect to the output power scaling, which is taken to be constant between

participants. The lowest E;,;,, occurs when power is equal to 0.4.

By setting p, = 0.4 in equation 2.1, the relationship between the conflict magnitude and
the predicted sickness output of the model is given by:

MISC,, = (KA%+ A)"4 (2.3)

K is the Oman model gain and is usually large with a median value of 70.8. This means
that the steady state sickness value predicted by the model has an approximately linear
relationship to input motion amplitude MISC, ~ K04 408

Fitting Comparison

The three variations of the model evaluated each have a joint error E;;,, for each par-
ticipant. These model errors (shown in Table 2.1) can be compared using the Friedman
Test across models to evaluate whether their fit quality differs significantly. Doing so, the
three tested models were found to differ significantly from each other (;(2 =6.14,df =3,
p = 0.046) but this difference was marginal and indeed pairwise testing revealed no signif-
icant differences.
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Figure 2.7 shows a representative sample of fittings for the three model variations for par-
ticipants 11, 12, 13 and 14 (for the data of all participants, see figure S2). It is clear that
there is little difference between the three model variations. It can therefore be concluded
that individuals have time constants that are invariant of the motion amplitude, and that
an output scaling power of 0.4 allows the model to fit across multiple amplitude conditions
just as well as fitting to a single session. This means that the 3 parameter model with the
output power fixed across participants, but the gain and the time constants allowed to vary
at the individual level offers a good compromise between fitting performance and model
complexity.

1 ms? 1.5 ms™2 2 ms2 2.5 ms2
6 T T 6 T 6 T 6 T
O 4y B 4 [l 4 B 41 B
2" | |
=2 12 | | 2 12 .
| | Il
OU 20 40 60 O0 10 20 OO 10 20 00 10 20
6 | 6 6 T 6 T
O 4 1 af M4 4 A 1 o4f .
2 | \
= 25 4 2F 4 2F q 20 \ \
0 ‘ 0 ‘ 0 0
0 20 40 0 20 40 0 20 0 20
6 T T T 6 T 6 T 6 T
o4l al af 14l .
g /
= 2 2 2 2
O | | 0 | O | | 0 |
0 20 40 60 0 50 0 20 40 0 20
6 T T 6 T 6 6
O 4 * 4 4 4
@«
= 2 2+ 2 2
00 50 100 00 50 100 00 50 100 00 20 40 60
Time [minutes] Time [minutes] Time [minutes] Time [minutes]
—— Observation — Session Fit — Individual-level Power —— Group-level Power

Figure 2.7: Representative sample of fittings for the three model variations for participants 11, 12, 13 and 14. The
columns show responses for each amplitude condition, increasing in magnitude from left to right. The rows show
results for each participant

Model Variation Average E;,;,, STD # Parameters
Session Fitting, No Power 0.94 0.29 12
Joint Fitting, Individual-level Power 1.01 0.23 4
Joint Fitting, Group-level Power 1.03 0.23 3

Table 2.1: Summary of fitting results, with the error averaged over participants E the standard deviation over

joint?
participants in the MAE, and the number of parameters for each model variation



2.3.3 Amplitude Cross Validation

Evaluation of model variations so far was with respect to how well they could fit the data.
However, for a predictive model, it is also important to identify the capacity for generalising
to conditions not explicitly fitted to. We therefore performed cross-validation of the model
between the different amplitude conditions. To do this, we looked at the mean MAE when
we fitted to one, two and three conditions whilst predicting three, two and one condition.
There were 4 combinations for the 1 fitting case, 6 combinations for the 2 fitting case and
4 combinations for the 3 fitting case, leading to 14 cross-validation data sets.

Figure 2.8 shows a Box plot of the mean absolute prediction errors for the procedure de-
scribed above. Both models with an individual-level and a group-level power term varia-
tions show decreasing prediction errors with the number of conditions fitted. The group-
level power model with p, = 0.4 has overall a lower prediction error than the individual-
level power model (Friedman test, ;(2 =12.3, p<0.001, df = 1), particularly for when
fitting to data from only 1 amplitude condition.
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Figure 2.8: Box plot showing the mean absolute prediction errors for when 1, 2 and 3 cases are fitted to predict 3,
2 and 1 other conditions, respectively. The orange Box plots show prediction errors for the individual-level power
law, and the blue Box plots show the prediction errors for the power law fixed to 0.4.

Importantly, the group-level power on average has a fitting MAE of 0.90, which is close to
the average prediction error of 1.15 after fitting only one condition. This indicates a high
degree of regularity in the amplitude response that can be predicted by a power law of
0.4, and one that cannot be captured by the individual-level power model without larger
amounts of data.

2.3.4 Sickness Forecasting

One of the properties of an effective predictive model is its ability to forecast future devel-
opment of the modeled system’s states. In this section, we evaluate this forecasting ability



of the Oman model.

Figure 2.9 shows the first motion phase responses of participants 11-14, where the rows
represent the different participants and the columns the different amplitude conditions
(for the data of all participants, see figure S3). In our experiment, participants 10, 11, 14
and 17 vomited or retched (MISC 10 and 9, respectively) very shortly after (<30 s) reaching
a MISC level of 6. Because this occurred very shortly after reaching 6, in Sections 2.3.2
and 2.3.3, a MISC of 6 was taken as the end point of the experiment data used for fitting.
In Figure 2.9 the full MISC trajectories are shown (blue lines), which for participants 11,
12,and 14 show a region of stable growth until a MISC of 6, then a blow-up to vomiting, as
similarly reported in the results of Graybiel (1969).

This phenomenon cannot be captured by the Oman model, which, as noted before in sec-
tion 2.2.6, converges in a stable manner to a final sickness level that may be higher than 10.
Predicting such high levels of sickness may not be a concern for most practical applications,
for which the aim generally is to keep sickness at the lower MISC levels. Figure 2.9 shows
Oman model predictions (in orange) when the model is fitted to all data up to a MISC value
of 3 (blue shaded ranges) and sickness is then forecasted until the end of the experiment.
It can be seen that this extrapolation from lower MISC levels in to the future for some par-
ticipants suffers from premature convergence (e.g., participant 11 in Figure 2.9), where
the model captures an initial seeming convergence of the MISC data to a final rating. This
effect is explained by the small amount of data provided (only up to and including MISC 3)
and the inherently convergent nature of the Oman model.

Overall, it is the diverging sickness trajectories that show the largest forecasting errors, e.g.,
participants 12 and 14 in Figure 2.9. This can be shown statistically, by fitting a model of
the form

MISC = at® (2.4)

as proposed in Irmak et al. (2020), where ¢ is time since the start of exposure and q, b are
model coefficients. The responses that can be described by b > 1 have a diverging sick-
ness response with respect to time, whereas those with b < 1 have a converging response.
The fitted model had an average coefficient b of 1.085 (25-75th percentiles: 1.043-1.448).
This means that the MISC is approximately linear with respect to time. When fitting the
Oman model using a long fitting window, it can describe both converging and diverging
responses equally well. This is despite its natural tendency to converge. This is because
for divergent cases, the model estimates a very large steady-state value, meaning that the
initial rising part of the response is able to approximate the divergent cases quite well. How-
ever, when forecasting from lower MISC levels, using a shorter observation window, it is
seen that forecasting performance for divergent cases is significantly worse than forecast-
ing for convergent cases. This can be seen by comparing a constant (intercept-only) and a
linear mixed-effect model, relating the power term to the mean absolute error in the fore-
cast region (AlCc = 149.0 and 136.9, respectively). With a difference between AlCc values
> 10 Fabozzi et al. (2014), it can be seen that the linear model is significantly better, mean-
ing that the forecast error increases with increasing divergence of the sickness response.



The cause of the suboptimal forecasting is partly due to the model form, which is always
stable, but also due to the limited data used for fitting and extrapolating from.
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Figure 2.9: Representative sample of extrapolations from MISC 3 to the end of the first motion phase, for the
Oman model. The columns show responses for each amplitude condition, increasing in magnitude from left to
right. The rows show results for participants 11, 12, 13 and 14. The blue shaded area gives the observations the
model uses to make forecasts.

At the individual level, 15 out of 17 participants had MISC responses that were in at least 3
out of 4 conditions either consistently divergent or consistently convergent. The remaining
2 participants showed convergent MISC responses in half of the conditions and divergent
responses in the other half. This means that, on average, individuals show a propensity to-
wards one type of motion sickness trajectory. This supports the existence of idiosyncratic
differences in the qualitative form of sickness dynamics. We did not find a difference in the
power term between the motion conditions (;(2 =1.2,df =3, p=0.75). This indicates
that the divergent/convergent dynamics is not modulated by differences in the motion
amplitude in the range explored in this study.

In our study, the MSSQ was correlated marginally significantly with overall sickness suscep-
tibility (p = 0.50 p = 0.05). The overall sickness susceptibility was quantified by averaging
the MISC rates during the first motion exposure of an individual for all amplitude condi-
tions. This finding indicates the usability of the MSSQ for predicting sickness susceptibility



and hence as a tool for participant selection. However, a better selection could be made
by first perturbing the participants at 2.5 m/s” until they reached a MISC of 3 which would
on average take 8 minutes. The Oman model may then be used to estimate participants’
susceptibility directly. Doing this on the data from the experiment, there is a very strong
correlation between the Oman model estimation of susceptibility and the overall sickness
susceptibility as computed from the average MISC rate for a participant (p =0.72 p = 0.002).
This level of predictability with respect to actual sickness susceptibility is directly useful in
candidate participant screening. A better predictive model would have higher susceptibility
discrimination, at even lower MISC levels, requiring less simulator time. Indeed, the cor-
relation between the Oman model forecasting and overall susceptibility is not significant
p=0.15 (p = 0.58) when data to only MISC of 2 is considered.

2.4 DISCUSSION

This study investigated the amplitude and temporal dynamics of motion sickness at both
the group and the individual levels. Participants underwent fore-aft sickening motions at
four different acceleration amplitudes. Motion sickness development over time was re-
ported using the MISC scale. First, using the dropout percentage and the MISC rate, the
group-level response to varying amplitudes was evaluated. Also, three variations of the
Oman model of nausea were used to characterize the dynamics of motion sickness at the
individual-level. This was done by both fitting observed sickness at different amplitudes,
but also by assessing the cross-amplitude validity of the model. Lastly, we investigated how
well the Oman model can forecast future sickness based on a shortened measurement of
initial sickness development.

2.4.1 Group-level Observations

For the group-level response to increasing acceleration amplitudes, we found a significant
increase in sickness severity with increasing acceleration amplitude, and hence sensory
conflict magnitude, on the development of motion sickness. As seen in Figure 2.3, not only
was this effect monotonous with respect to the acceleration amplitude, it could also be
accurately characterised by a linear relationship, which was shown by comparing a constant
mixed-effect model of MISC rate with a linear mixed-effect model (AlCc =-1.92 vs. AlCc =
29.4).

Previous studies by Alexander et al. (1947); Griffin and Mills (2002a); O’Hanlon and Mc-
Cauley (1974) also reported a monotonic increase in sickness with respect to acceleration
amplitude. In the study of Griffin and Mills (2002a) only low-amplitude motions in the
range of 0.4-1.56 m/s2 were used, and only the last two conditions were significantly higher
in sickness severity from the baseline case of no motion. Therefore, a functional relation-
ship between motion amplitude and sickness could not be formulated. The studies by
O’Hanlon and McCauley (1974) and Alexander et al. (1947) assessed vomiting incidence at
the end of their experiments (MSI) and found a log-normal relationship between MSI and
acceleration amplitude. However, it would be incorrect to say sickness itself exhibits log-



normal behaviour for the range of accelerations used in these studies. Indeed, in our study,
we report both the dropout rate and the rate of sickness development. For the dropout
rate, which is a similar metric to the MSI, dropout percentages for 2.5 and 2 m/s2 are not
significantly different, whereas MISC rate indicates a linear, rather than a log-normal, re-
lationship between sickness and acceleration amplitude. The data of Lawther and Griffin
(1988) suggest that this linear relationship may continue down to the range of 0.1-0.7 m/sz,
i.e., to lower amplitudes than tested in our experiment. At the lowest acceleration mag-
nitudes, i.e., below 0.1 m/sz, experienced sickness did not differ from the stationary case.
This apparent ‘sickness threshold’ is equivalent to reported translational acceleration per-
ception thresholds (Gianna et al., 1996; Heerspink et al., 2005). As remarked previously,
acceleration is often used as a proxy for sensory conflict for experiments lacking visual stim-
uli, and in our current experiment set up the two are assumed to be proportional to each
other. Very sickening stimuli, such as the cross-coupled coriolis, which can elicit vomiting
in minutes as opposed to > 10 minutes as in this study, likely produce much higher sen-
sory conflicts, which may be translated to an equivalent acceleration, indicating that the
monotonic amplitude relationship likely holds at even higher accelerations than 2.5 m/s>.
Approximately 95% of all vehicle accelerations are within the maximum acceleration used
in this study (Feng et al., 2017). Therefore, we can conclude that linearity in the sickness
response can be an adequate modelling assumption at the group-level for automated ve-
hicles.

With respect to the metrics used to quantify group-level responses, we chose the drop-out
rate and MISC rate. The drop-out rate provides an easy to interpret measure of sickness,
whilst also allowing us to perform survival analysis. For our experiment, the MISC rate is
less directly dependent on our selected termination criteria. It is defined as the MISC rating
at the end of motion exposure, divided by the time in minutes to this final value. In the
current study, we fitted the model ar” to all MISC responses; the resulting average value for
b is 1.085 (25—75th percentiles: 1.043-1.448). This means that the MISC is approximately
linear with respect to time, increasing monotonously with respect to time, with no long-
duration decreases. Therefore, computing the average gradient of the MISC curve, i.e., our
MISC rate, is an appropriate parametrisation of the response.

In cases such as naturalistic driving where such monotony is not observed, a model-based
approach may be more appropriate. The kind of model used for this purpose is a formal
accumulation model, such as the Oman model. This is because in such a scenario, the
sickness response will be complex and time-varying, depending on the accelerations en-
countered. Using traditional ways of parametrising the sickness response will make both
within- and between-participant comparison difficult, requiring, in the least, many sessions
to average across a representative sample of acceleration exposures. With a model-based
approach, the parameters of the fitted model will be invariant with respect to the motions
encountered and easier to compare.

2.4.2 Individual-level Modelling

In this study, we showed that motion sickness development over time could be accurately
modelled at the individual level, for the different tested amplitude conditions separately,



with a modified version of Oman’s sickness model. We found that the time constants of
sickness development were approximately motion amplitude independent, with median
time constants of 66.2 s and 502.4 s for the model’s ‘fast’ and ‘slow’ time constants, re-
spectively. One concern of automotive engineers in utilising the findings of motion sick-
ness studies could be the fact that usually the motions encountered in these studies are
aggressive, with the intent of quickly making participants motion sick, whereas motions
that lead to motion sickness in vehicles tend to be more gradual and accumulate over the
span of up to an hour. In this study, we tested both aggressive motions (2.5 m/s?) and
gentle motions (1 m/sz). The fact that no difference in the time constants was found im-
plies that the temporal dynamics of motion sickness are amplitude-independent, with only
varying scaling factors affecting the final level of sickness. This suggests that the findings of
sickness studies, all else equal, can be directly applied to automotive control and design.

In this study, we report only on nonlinear output scaling in Oman’s model. However, we
also investigated the use of both input and output scaling, see Figure 2.2. The original
Oman model has the conflict vector as an input, which is processed by the two paths, whose
outputs are then summed. This summed output is the /atent sickness. The output power
scaling transforms this latent sickness in to a subjective magnitude estimate, via an expo-
nential term corresponding to Steven’s power law (Stevens, 1946), which maps stimulus
intensity to perceived intensity. As employed by Bos and Bles (1998), the reasoning for
input scaling is different. Here, the conflict signal itself is assumed to be remapped with
a nonlinear scaling (sigmoid), where small sensory conflicts remap to zero and large con-
flicts are saturated. We approximate this through an input power law. We found that the
output power law provided a much better fit to our data, with a mean joint error (E;;,,,)
of 1.03 compared to 1.4 for the input scaling. As Figure 2.6 shows that with output scaling
for all powers up to 0.8 the joint fitting error is below the optimum result for input scaling,
we conclude that output scaling on the modelled latent sickness metric is superior for our
experiment data.
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Figure 2.10: Example showing the effect of input (blue line) and output (orange line) power scaling on the predic-
tions of the Oman model for constant amplitude input

While both with input and with output scaling Oman’s model can model convergence to



an identical final steady-state sickness level (with adapted gain and power law exponent),
see Figure 2.10, this will always result in differences in the temporal dynamics. In these ex-
ample model responses, the input and output power scaling, as well as the short and long
time constants, are all the same, while the model gain is adjusted such that both modelled
responses converge to the same steady-state sickness. Regardless, it can be seen that for
constant amplitude stimuli, the output scaling responds faster to the input, particularly in
the hypersensitivity phase. This is because the output of the slow and fast paths accumu-
late more slowly when the input signal strength is reduced by an input scaling, than when
it is not. The reason why this steeper increase may better represent our data is that the
MISC is on an ordinal scale. Participants are likely to spend less time at the lower ends
of the MISC scale, which represent smaller increments on a scale of subjective discomfort
(De Winkel et al., 2022), than the higher end of the MISC scale. This is particularly relevant
for the hypersensitivity phase.

As shown in Figure 2.6, an output scaling of 0.4 provided the best fit to our dataset. The
power of 0.4 approximately linearises the conflict to sickness relationship, where for large
values of K, equation 2.3 reduces to MISC ~ K04 A08, Likewise, for the input scaling this
optimal power was found to be similar, i.e., 0.5. This value fully linearises the conflict to
sickness relationship. This means that irrespective of the scale used to measure sickness
the Oman model, or any other model of sickness accumulation, should have a power-law
relationship that enforces linearity, whereby only the gain of the system is expected to
change depending on the rating scale used. Finding the system gain for the different rat-
ing scales would greatly contribute to comparing and generalising the findings of different
motion sickness experiments.

For the first time, this study evaluated forecasting/predicting sickness at the level of the
individual, based on a short duration of initial sickness data (MISC<3). The development of
sickness over time in the first motion exposure could be predicted accurately, with a MAE of
0.93. In our previous work (Irmak et al., 2020), we identified two groups of participants by
fitting a power law to measured MISC as a function of time (see equation 2.4). The partici-
pants for whom the exponent b > 1 were classified as divergent and those with b < 1 were
classified as convergent. In that study, the Oman model was able to fit both groups equally
well, which cast doubt on whether these two groups were indeed qualitatively different.
However, in the present study we found that the Oman model had significantly higher ac-
curacy when predicting convergent, as compared to divergent cases, thus supporting the
notion that MISC trajectories are indeed qualitatively different between individuals.

One notable property of the Oman model that affects forecasting of future motion sick-
ness is that it is always stably convergent. That is, there is a steady-state sickness value
M ISC,, that it will converge to as time tends to infinity. This means that if the partici-
pant has converging dynamics, and sickness is observed until a MISC of 3, the model will
predict a convergence to approximately a MISC of 3. However, it is known from the data
that this is not the case, and that participants likely continue to become more sick, espe-
cially if they have reached moderate sickness relatively quickly. A striking example of this
issue is shown in Figure 2.9 for the first participant. Here, the observations indicate conver-
gent dynamics, even though the participant reaches a MISC of 4 in under 4 minutes. This
participant will inevitably vomit in finite time. The model, however, cannot account for this.



Moreover, some participants (such as the first participant of Figure 2.9) show convergent
sickness behaviour at first, followed by a sudden increase towards vomiting. There can be
multiple reasons for this. One explanation is that the participants use the MISC scale as a
subjective discomfort scale, and that for these participants, a MISC of 6, which was the ter-
mination criterion in this study, was seen as the point after which they could not continue
because they would otherwise vomit. Alternatively, it can also be that these participants
experienced an unstable “avalanche” of symptoms. Such an effect has been reported in
literature (Bock and Oman, 1982; Graybiel, 1969). To account for both the stable and un-
stable behaviour seen in motion sickness responses, the next step should be to model the
dynamics of sickness as a bistable system. In this, participants may have two equilibrium
points. One that is at a level of sickness below 10, depending on motion amplitude, and
the other at a MISC level of 10. Modeling this requires higher degree non-linear differential
equations than included in Oman’s model.

Sickness forecasting as demonstrated in this paper is not only a theoretical exercise, but has
methodological implications for both motion sickness studies and applications such as the
individualisation of automated driving algorithms. In this study, we showed that using the
Oman model and a short duration perturbation at the highest amplitude, one can reliably
predict the overall motion sickness susceptibility of an individual. Such a paradigm can
be used as a screening method for ensuring participants of similar sickness susceptibilities
are enrolled in to motion sickness studies. This would for instance increase the power
of studies comparing different mitigation methods. Moreover, such a method provides a
basis for individualised and online sickness-mitigating adaptive tuning of automated driving
algorithms.

Well-known models of motion sickness development contain two components, being 1)
Conflict models predicting conflicts resulting from sensory integration, and 2) Accumula-
tion models predicting motion sickness development in time. One example of a motion
sickness model is the subjective vertical conflict (SVC) model (Bos and Bles, 1998; Wada,
2021). The conflict generation part of the model is based on the difference between the
sensed vertical and the subjective vertical, which is thought to drive motion sickness. It
is a specific implementation of the idea of sensory-expectancy conflict put forth in Oman
(1982). Conflict models are needed to capture sensitivity towards complex motion stim-
uli, including multiple motion directions and frequencies. The conflict derived in the SVC
is then accumulated using a simple second order filter. This accumulation model is less
sophisticated than the Oman model used in this study, which is able to describe hypersen-
sitivity.

Our study focuses on motion sickness accumulation in time for a single degree-of-freedom
motion stimulus, i.e., a 0.3 Hz sinusoidal fore-aft seat motion. For such a simple stimulus,
conflict models degrade to a simple gain, where the exact gain (proportion of fore-aft accel-
eration that is attributed to the subjective vertical) is dependent on the stimulus frequency
and the subjective vertical time constant.

In our approach, this gain is (implicitly) identified in our fitting of Oman’s model. Therefore,
if, the actual sensory conflict would be only 50% of the input motion, then the gain of our
fitted model would simply be 50% larger. Thus, our method of using acceleration as the



input to Oman’s model is, for our specific stimulus, equivalent to the conflict between the
sensed and the expected vertical that can be derived from the SVC model.

One important application of this work is that now that the relationship between conflict
and the subsequent sickness is known, the system that maps motion inputs to sensory-
conflict can be identified by using closed-loop system identification techniques (Qian et al.,
2017; Rojas et al., 2007).

2.4.3 Limitations

As discussed previously, particularly at the lower amplitudes, there might be an amplitude
threshold below which people do not experience motion sickness. In this study, the range
of the amplitudes studied was between 1 and 2.5 m/sz. In future studies, it is essential
to also include lower amplitudes to also gain an improved quantitative understanding of
motion sickness severity and temporal dynamics for low-amplitude stimuli. In addition to
increasing the range of accelerations for which our motion sickness models are effective,
experiments that include a high number of different motion amplitudes measured within
the same experimental session, as representative of real vehicular transportation, would
further help to strengthen motion sickness model validation.

In the present study, the model successfully described hypersensitivity after a 10-minute
break. In a previous study, Irmak et al. (2020) the break duration was until the participant
reached a MISC of 2, which only very rarely exceeded 10 minutes. This means that the
model can describe hypersensitivity observed after break durations up to 10 minutes. One
limitation is therefore the lack of data to verify whether the same modelling accuracy is
retained for longer rest durations. Being able to model these longer rest durations may
not be relevant for short distance journeys, however, it may be useful for predicting motion
sickness during multi-stage long distance travel.

Lastly, it is likely that the amplitude and temporal dynamics found in this study do not
depend on the direction of motion. Therefore, pure vertical and lateral motions will likely
have similar time constants, gains and output power. This is given by the fact that the
severity of sickness in different directions is similar to each other (Donohew and Griffin,
2004). However, if a coupling exists between different degrees-of-freedom, such that the
resultant stimulus has a complex frequency spectrum, this may cause currently unknown
interactions in the conflict signal due to differing frequency sensitivities (Irmak et al., 2021).
Similarly, with reduced motion predictability (Kuiper et al., 2020) compared to our current
sinusoidal acceleration stimuli, a greater sickness response is expected. In these cases,
particularly the gains of the accumulation model may need to be calibrated.

2.5 CONCLUSION

This study investigated the individual amplitude sensitivity in motion sickness caused by
sensory conflicts induced by fore-aft accelerations. At the group-level, we found that sick-
ness severity increases linearly with acceleration amplitude between 1-2.5 m/s* and argue



that it does so for all relevant acceleration amplitudes in vehicular transport. From fitting a
modified version of Oman’s model of sickness progression, we found that, at the individual-
level, sickness on average increased linearly with acceleration amplitude, even though
some participants exhibit higher or lower order amplitude sensitivities. Importantly, we
note that the time constants governing motion sickness development vary between indi-
viduals, but are independent of the acceleration amplitude. Furthermore, our data shows
that a group-level fixed output scaling with an exponent of 0.4 enables Oman’s model to in-
herently account for stimulus amplitude variations, as considered in our tested amplitude
conditions. Lastly, we showed that the Oman model can be used to forecast the tempo-
ral evolution of sickness beyond a brief observed initial exposure. In this we found that
forecasting works better for convergent, rather than divergent responses, this is largely
due to the inherently convergent dynamics of the model. Overall, these findings enable
improved modelling of motion sickness accumulation in mixed acceleration environments,
such as traffic, and better participant prescreening for motion sickness experiments, as
well as tuning of automated driving algorithms for individual passengers.
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Everything we hear is an opinion, not a fact.
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Abstract

Users of automated vehicles will engage in other activities and take their eyes off the road,
making them prone to motion sickness. To resolve this, the current paper validates models
predicting sickness in response to motion and visual conditions. We validate published mod-
els of vestibular and visual sensory integration that have been used for predicting motion
sickness through sensory conflict. We use naturalistic driving data and laboratory motion
(and vection) paradigms, such as sinusoidal translation and rotation at different frequen-
cies, Earth-Vertical Axis Rotation, Off-Vertical Axis Rotation, Centrifugation, Somatogravic
lllusion, and Pseudo-Coriolis, to evaluate different models for both motion perception and
motion sickness. We investigate the effects of visual motion perception in terms of rota-
tional velocity (visual flow) and verticality. According to our findings, the SVC; model, a
6DOF model based on the Subjective Vertical Conflict (SVC) theory, with visual rotational
velocity input is effective at estimating motion sickness. However, it does not correctly repli-
cate motion perception in paradigms such as roll-tilt perception during centrifuge, pitch per-
ception during somatogravic illusion, and pitch perception during pseudo-Coriolis motions.
On the other hand, the Multi-Sensory Observer Model (MSOM) accurately models motion
perception in all considered paradigms, but does not effectively capture the frequency sen-
sitivity of motion sickness, and the effects of vision on sickness. For both models (SVC;
and MSOM) the visual perception of rotational velocity strongly affects sickness and per-
ception. Visual verticality perception does not (yet) contribute to sickness prediction, and
contributes to perception prediction only for the somatogravic illusion. In conclusion, the
SVC; model with visual rotation velocity feedback is the current preferred option to design
vehicle control algorithms for motion sickness reduction, while the MSOM best predicts per-
ception. A unified model that jointly captures perception and motion sickness remains to
be developed.



3.1 INTRODUCTION

A wide range of studies indicate that motion sickness is caused by mismatches between
perceived sensory signals — i.e., from the eyes, otoliths, semicircular canals, etc. — and
expected sensory signals from the central nervous system (e.g., Reason (1978b)). These
mismatches are particularly triggered during passive motion —i.e., when the motion is due
to external forces that cannot, or only imperfectly, be anticipated — with strongly moving vi-
sual surroundings, for example as experienced on ships and by passengers in horse-drawn
carriages (Huppert et al., 2017). With the current trend towards fully automated vehicles,
motion sickness is expected to become much more widespread (Bertolini and Straumann,
2016; Griffin and Newman, 2004; Kuiper et al., 2018; Salter et al., 2019), as all vehicle users
will be passengers that passively experience the vehicle’s motion, while preferably engaged
in other activities. Minimizing the incidence of motion sickness in automated vebhicles re-
quires improved knowledge of motion sickness and how it relates to human motion per-
ception mechanisms, as well as accurate models with which its development over time can
be predicted, to design comfortable vehicle motion control strategies.

In motion sickness models, the ‘sensory conflicts’ that are assumed to cause sickness (Rea-
son, 1978b) are generally defined as the difference between the sensed and expected sen-
sory signals. Hence, these models are often referred to as ‘sensory conflict models’, due
to their ability to quantitatively predict the conflicts that, when accumulated over time,
lead to the worsening of motion sickness symptoms (Bos and Bles, 1998; Irmak et al., 2022,
2020; Kufver and Forstberg, 1999; Oman, 1990). For example, Bos and Bles (1998) concep-
tualized the Subjective Vertical Conflict (SVC) model, which is based on the assumption that
motion sickness is caused by conflict in the sensed vertical (i.e., orientation with respect
to gravity). The SVC model has been extended by Kamiji et al. (2007) to account for all six
degrees of freedom (DOF) in the 6DOF-SVC model, which matched some available motion
sickness data sets at reasonable accuracy. However, the 6DOF-SVC model in Kamiji et al.
(2007), only accounts for vestibular sensation and how this impacts the subjective vertical,
and motion sickness.

It is well-known that the visual system has a crucial impact on both our perceived motion,
as well as motion sickness. For example, illusory perceived subjective orientations that
occur with only vestibular stimulation no longer occur when a visual reference (e.g., hori-
zon line or straight walls) is perceived. Furthermore, the sickening drive data from Irmak
et al. (2020) show that participants become at least 1.83 times as sick when not being able
to see the vehicle’s movement (internal view) as compared to when looking outside the
vehicle (external view). Motion sickness is also observed in studies using virtual reality or
using fixed-base driving simulators. Since there is no physical motion in these cases, this is
commonly called Visually Induced Motion Sickness (VIMS). To account for such effects, a
number of perception models include visual perception contributions of angular rotation
velocity, verticality, or both such as the Multi-Sensory Observer Model (MSOM) by New-
man (2009), the extension of the 6DOF-SVC model with vision by Liu et al. (2022); Wada
(2021); Wada et al. (2015, 2020), the spatial orientation and motion sickness model by Bos
et al. (2008), and the sensory weighting model by Zupan et al. (2002). At this moment,
some of the sensory conflict models that include visual perception have been validated for



specific motion perception paradigms (e.g., MSOM by Newman (2009)) or for motion sick-
ness prediction in real-world naturalistic driving (e.g., (Yunus et al., 2022)). However, so
far no single model has been shown to describe both the perceptual effects of vision, and
its effects on motion sickness development, which is required for physiologically valid and
interpretable predictions of motion sickness (Irmak et al., 2023).

Hence, the goal of this paper is to verify the accuracy of available sensory conflict mod-
els that include visual motion perception, for predicting human perception responses in
well-known motion perception paradigms, as well as motion sickness data from laboratory
experiments (Correia Gracio et al., 2013; Merfeld et al., 2001; Vingerhoets et al., 2006; Wae-
spe and Henn, 1977) and real-world driving experiments (Irmak et al., 2020). In this paper,
we focus on comparing only the most recent versions of the motion sickness and motion
perception models that include visual rotational velocity and visual orientation perception,
namely the Subjective Vertical Conflict (SVC) model (Inoue et al., 2023; Liu et al., 2022;
Wada et al., 2020), and the Multi-Sensory Observer Model (MSOM) (Clark et al., 2019; New-
man, 2009), as the most promising candidates. Similar to Irmak et al. (2023), we present a
two-part analysis, where we first focus on these models’ match to well-known frequency
and amplitude sensitivity characteristics of motion sickness (Golding and Markey, 1996;
Griffin and Mills, 2002b; Howarth and Griffin, 2003; Irmak et al., 2021, 2022; McCauley
etal., 1976). Furthermore, the extent to which the models can replicate the effect of vision
conditions in the real-world sickening drive study of Irmak et al. (2020) is analyzed. In the
second part, we assess the model’s ability to replicate well-known fundamental motion per-
ception tests, i.e., Earth vertical Axis Rotation (EVAR) (Vingerhoets et al., 2006; Waespe and
Henn, 1977), Off-vertical Axis Rotation (OVAR) (Vingerhoets et al., 2006), centrifuge (Mer-
feld et al., 2001), somatogravic illusion (Correia Gracio et al., 2013) and pseudo-Coriolis
(Newman, 2009).

Apart from the aforementioned suggested models, alternative theories about the origin of
motion sickness are also present. According to the work of Riccio and Stoffregen (1991),
another proposition is that motion sickness arises due to ‘postural instability’. This implies
that animals feel sick when they are in situations where maintaining proper postural stabil-
ity becomes difficult. Consequently, this theory suggests that postural instability acts as a
direct precursor to the symptoms of sickness. However, as the majority of existing mathe-
matical models for motion sickness are grounded in the sensory conflict theory, this paper
will not delve into the postural instability theory.

Thus, this paper directly extends the work of Irmak et al. (2023), who focused on vestibular-
only perception and sickness modeling, to also include the essential visual component.
Based on this quantitative performance comparison of available sensory conflict models,
we formulate recommendations on the most critical and promising model structures for
predicting motion perception and motion sickness, as well as provide crucial suggestions
for much-needed experiments for further model validation.



3.2 METHOD

3.2.1 Sensory Integration Models

In this paper, we evaluate several versions of the subjective vertical conflict (SVC) model
(figure 3.1) with parameters in table 3.1, and the MultiSensory Observer Model (MSOM)
(figure 3.2) with parameters in table 3.2. Both models consider two vestibular inputs: the
specific force sensed by the otoliths and the angular velocity sensed by the semicircular
organs. Both models also include two visual inputs: a visual cue of rotational velocity (vi-
sual rotational velocity or VR; @, in the figures 3.1 and 3.2) and a visual cue of verticality
(visual vertical or VV; v, in the figures 3.1 and 3.2). The reasoning behind visual rotational
velocity is that the human eye can perceive rotational velocities through rotational (optic)
flow (Ehrenstein, 2003). Visual vertical is included because human eyes tend to find earth
vertical or horizontal objects such as trees, buildings, and horizons to orient themselves
with respect to the earth (Cano Porras et al., 2020). The two approaches look promising.
Human vision, as discussed in Berthoz and Droulez (1982), also is able to perceive linear
(translational) motion (linear velocity and linear position). These have been modeled in the
MSOM (Newman, 2009) as well. However, in the model, these do not contribute to either
verticality, acceleration, or angular velocity estimates. They are solely used for improving
linear velocity and linear position estimates and do not affect sickness predictions. Hence,
these visual linear motion pathways are not considered in the analysis in this paper.

SVC Model

Bos et al. (2008) developed the Subjective Vertical Conflict (SVC) model, which estimates
the conflict between the sensed signals from the sensory systems and the expected sensory
signals derived from the central estimates computed by the central nervous system. The
model has three parts: the ‘Visual-Vestibular System’, the ‘Internal Model’ of the visual-
vestibular system, and the ‘Feedback’ of errors between sensed signals and internal model
predictions, see figure 3.1. The main concept of this model is that the dominant conflict
causing motion sickness is the mismatch between the estimation of verticality (orientation
with respect to gravity) and the sensed verticality. The otolith dynamics are assumed to
be unity (OTO = 1), while the semicircular organs are modeled as a high-pass filter (SCC =
Tyee S21(T . 5+ 1)?). These same sensory models (SCC and OTO) are also used in the internal
model. The LP block calculates the subjective vertical (direction of gravity) using specific
force and angular velocity through a low-pass filter with a time constant = (Bos and Bles,
1998; Mayne, 1974), see the black lines and blocks in figure 3.1b.

Kamiji et al. (2007) extended the SVC model by Bos and Bles (1998) to include all six degrees-
of-freedom (DOFs). The working principle is identical to the original SVC model and the
parameters of each pair of three DOFs (linear and rotational) are identical. So for exam-
ple, vertical, longitudinal, and lateral motions will all give the same conflict. Kamiji et al.
(2007) also added loops that aid in state estimation during active motion (dashed path-
ways in the bottom left of figure 3.1a). These loops model active knowledge about the
sensory consequences of the anticipated motion of the body, as was also mentioned by
Oman (1990). This helps to improve estimation in the internal model by including the



effect of the efference copy for the active movement, the predictable motion in passive
cases, and unmodeled sensory signals such as proprioception. We tested the simulations
with and without these (K, K,) parameters where we found only a 10% difference in the
conflict magnitude while carrying out motion sickness frequency sensitivity analysis. How-
ever, the frequency dynamics are fully consistent between both cases. Also, the results for
the motion perception tests are similar across all motion paradigms. Hence, as also done
in previous work (Irmak et al., 2023), this loop was disregarded in the current paper as the
conditions studied involve purely passive motion only, without any prior information to
predict the motion stimuli. All model parameters are taken from Wada et al. (2020), Liu
et al. (2022), and Inoue et al. (2023), which were set by tuning them to match the vertical
motion sickness data by O’Hanlon and McCauley (1974).

SVC; model The SVC model by Kamiji et al. (2007) was further extended by Wada et al.
(2020) and Liu et al. (2022) who added loops for simulating vision, see figure 3.1. The
pathways in blue show the visual rotational velocity loop and the pathways in red show
the visual vertical loop. The models with a visual rotational velocity loop will be referred
to with a ‘VR’ at the end of their abbreviated names and the models with a visual vertical
loop will be referred to with a ‘VV’. The sensory dynamics for both these visual inputs (VISg
and VIS,)) are unity matrices, as it is generally assumed that the eyes approximate a perfect
sensor (Liu et al., 2022; Wada et al., 2020). The SVC; model includes integration (I) for the
acceleration conflict feedback term (see the dotted box in figure 3.1d) and is hence referred
to in this paper as the SVC; model.

SVCy; model The SVC; model was found to not reproduce fundamental motion per-
ception paradigms like roll-tilt perception during centrifuge (Inoue et al., 2023). However,
Inoue et al. (2023) found that the removal of integration for the acceleration conflict in the
feedback loop (see the dotted box in figure 3.1d) greatly improved model performance for
roll-tilt perception during centrifuge, though only for the case without vision. The model
by Inoue et al. (2023) (no integration, NI) is referred to in this paper as the SVCp; model.

Multi-Sensory Observer Model (MSOM)

Merfeld et al. (1993) proposed a one-dimensional observer model to predict the angular
vestibular-ocular reflex to yaw rotation about the earth’s vertical axis. Furthermore, they
extended this model to a 6-DoF model by including the otolith organs to account for accel-
eration storage and gravity storage central estimates analogous to angular velocity storage
in the one-dimensional model. Here, the sensory dynamics of the semicircular canals (SCC)
were modeled as a first-order high-pass filter with a time constant (z,,.) of 5.7 s while the
otolith dynamics (OTO) is unity. The G block calculates the subjective vertical (direction
of gravity) using the angular velocity. The internal models of the central nervous system
were assumed to be identical to these sensory dynamics. Using this approach of an ob-
server feedback model, and adding additional processing layers, Zupan et al. (2002) pro-
posed a 3D model consisting of three processing layers: frequency completion, conversion
of sensory estimates to central estimates, and multi-cue weighted averaging of the central
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Figure 3.1: Subjective Vertical Conflict (SVC) Model: (a) high-level diagram and (b)-(d) details of different subsys-
tems. Vestibular loops (black) are as in Kamiji et al. (2007); ‘VR’ (visual rotational velocity) loops (blue), as in Wada
et al. (2020); ‘VV’ (visual vertical (direction of gravity or orientation)) loops (red), as in Liu et al. (2022). The SVC;
model integrates the acceleration conflict (dotted box in (d)). This integrator (1) is replaced by a unity gain (no
integration, Nl) in the SVCy; model in Inoue et al. (2023).

Table 3.1: SVC; and SVCy; model parameters; Parameters for the SVCy; model in parenthesis

Parameter Value Explanation
Symbol P
Anticipation K, 0 . .
Gains K, 0 Fully passive motion assumed
Vestibular i”" 1 (2'5) as in Wada et al. (2020)
Feedback Gains ve (asin Inoue et al. (2023))
K, 10
Visual Kgpis 5 VV gain as in Liu et al. (2022)
Feedback Gains K i 10 VR gain as in Wada et al. (2020)
Perception Time T 5(2) as in Liu et al. (2022)
Constants Toee 7 (asin Inoue et al. (2023))

estimates. The internal models were made such as to complement the sensor dynamics
and complete the frequencies to which perception remains sensitive. Additionally, using
central estimates and calculating weighted averages helps in improving the central esti-
mates. Newman (2009), using the vestibular core of this observer model, added additional
estimates (position and velocity) to form the Multi-Sensory Observer Model (MSOM). This



model, like the SVC model, has 3 parts —the models for the visual-vestibular system (green),
the internal model of the visual-vestibular system (purple), and the feedback (orange) as
can be seen in figure 3.2. The model’s parameters are listed in table 3.2.

The MSOM was developed as a motion perception model (Clark et al., 2019; Merfeld et al.,
1993; Newman, 2009) and at the time of writing, did not define a conflict term for calcu-
lating motion sickness. Despite this, Irmak et al. (2023) used the MSOM model to predict
motion sickness, for which he evaluated various conflict terms and concluded that only
the otolith conflict, A f,,,, was correlated to motion sickness. However, the otolith con-
flict was found to be unable to capture the well-known frequency sensitivity for sickness
with vertical acceleration stimuli as in McCauley et al. (1976). This is further discussed in
section 3.4.1. Still, in this paper we consider the integrated otolith conflict as the MSOM'’s
proxy for motion sickness.

The MSOM includes an explicit two-way coupling between the semicircular canals and the
otoliths that helps to capture the somatogravic effect, which is closely linked to motion
sickness induced by horizontal accelerations in absence of vision (Irmak et al., 2021; Wood,
2002; Wood et al., 2007). The MSOM, like the SVC models, has two pathways for simu-
lating vision. The pathways in blue show the visual rotational velocity loop (‘VR’) and the
pathways in red show the visual vertical loop (‘VV’).
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Figure 3.2: Multi-Sensory Observer Model (MSOM) as in Newman (2009): (a) high-level diagram and (b)-(d) details
of different subsystems. Vestibular loops (black); ‘VR’ (visual rotational velocity) loops (blue); ‘VV’ (visual vertical
(direction of gravity or orientation)) loops (red);

# calculates the rotation required to align the actual and expected sensory estimates (see Newman (2009) for
more details).



Table 3.2: Parameters for the MSOM model

Parameter .
Symbol Value Explanation
K, -4
Vestibular Iff g asin
Feedback Gains fo Newman (2009)
K, 8
K K, /(K,+1)
K, 0.1
Visual K, 0.75 asin
Feedback Gains K, 10 Newman (2009)
K,, 10
Perception .
Time T 5.7 asin
see ' Merfeld et al. (1993)
Constants

3.2.2 Tests for validation

The models (either VR, VV, or both) are validated using the model parameter values that
were reported in their respective publications. While it is possible to enhance the modeling
accuracy through a parameter optimization step, such retuning of model parameters is con-
sidered to be beyond the scope of the current paper. A brief exploration in Appendix B.1
shows that the applied vision loop gain parameters are adequate for sickness prediction. To
not further complicate the comparison of the relative effectiveness of the VV and VR loops
in the SVC and MSOM models in this paper, the specific published forms of the models and
their parameters were used. This means that these results are most applicable to SVC mod-
els and MSOM models when using the specific parameter sets we employed. Furthermore,
given the lack of available comprehensive experiment data that cover the different vision
cases studied in this paper, we present a qualitative assessment of the relative effects of
modeled vision, rather than a quantitative one. By adhering to these defined parameters,
we have achieved meaningful insights and valuable findings in this context.

Table 3.3 specifies the experimental motion paradigms used for validation in predicting sick-
ness and perception, with reference to published data. Each of these validation paradigms
was simulated for four different vision cases. These vision cases, and how they are imple-
mented for the two possible vision inputs (visual vertical v,;; and visual rotation rotational
velocity w,;) were implemented as follows:

o ‘External vision’ is when the subject has the eyes open and has an outside view of a
moving vehicle or motion simulator providing world-referenced visual information.

U, is the same as the direction of the true vertical. @, is the same as the true head



angular velocity.

e ‘Internal vision’ is when eyes are open, but the subject’s vision is limited to the sta-
tionary interior of the vehicle. Assuming that the head rotates with the vehicle v,
is set as constant pointing down (v,;, = [0,0,-9.81]) and o, is set to zero.

¢ In the ‘Only vision’ case there is no physical motion, but only visual inputs (also re-
ferred to as VIMS for motion sickness and vection for motion perception in literature).
U,;s is the same as the direction of true vertical. w,,, is the same as the true head
angular velocity.

¢ Inthe ‘No vision’ case, the eyes are closed and only an inertial motion input is given.
The vision loops are disabled.

The visual inputs are determined by making an assumption that the vision is a perfect sen-
sor. The definitions given are true for simple motion paradigms. However, in complex
motion paradigms such as real driving, these may not hold true due to the interaction of
the view, inside and outside of the vehicle. Nonetheless, we assume the visual input to be
only the outside view, thus simplifying the calculation of the visual inputs.

The expected result for the models’ motion sickness predictions is that ‘internal vision” will
give higher conflicts than both ‘external vision’ and ‘no vision’ (Griffin and Newman, 2004;
Wada and Yoshida, 2016), as will be further discussed in sections 3.4.1 and 3.4.2. The
comparison of these vision cases with the case of ‘only vision’ (VIMS) for the same motion
paradigm and on the same participants is not known in the literature yet. Nonetheless, the
simulation results for the ‘only vision’ case are shown to demonstrate the capability of the
model in ‘only vision’ cases, as for example occur in fixed-base (driving) simulators.

The performance of the models for different vision conditions will be evaluated by measur-
ing the linear integration (accumulation) of conflict over time. This is used as an indicator
of motion sickness levels or motion sickness incidence. This approach eliminates the use
of nonlinear integrators (Kamiji et al., 2007; Kotian et al., 2023), which are usually placed
at the end of the model to convert conflict into a true motion sickness metric (i.e., MISC
or MSI). In this paper, we use a simple linear integrated conflict to directly compare the
results of various models in varying vision conditions. Using a simple linear integrated con-
flict makes it easier to compare the results of various models as well as the experimental
data to computational results by normalizing them. Hence, we use conflict to compare the
models and their performance in various vision conditions.

Motion Sickness Frequency Sensitivity Mapping of the frequency response of a model
gives a quantitative measure of the sickness magnitude as a function of frequency and
motion amplitude. In our case, this is shown with 3D plots of the accumulated conflict
across a range of stimulus frequencies and amplitudes.

For the motion sickness frequency sensitivity analysis for linear DOFs, the simulated input
was a fore-aft motion with frequencies from 0.06 to 0.63 Hz and amplitudes from 0.1 g to
0.7 g, where g is the acceleration due to gravity (9.81 m/s?). The simulations were done for



60 min to predict the MSI at the end of this exposure. The simulation time, frequencies,
and accelerations were chosen to be identical to that of the validation data given by Mc-
Cauley et al. (1976) and simulation data presented by Kamiji et al. (2007). This is done to
enable a comparison of the frequency and amplitude dynamics of conflict generation with
the Motion Sickness Incidence (MSI) in the experimental dataset. As we are comparing ac-
cumulated conflict output from the models, the scale differs greatly from the 0-100% scale
of MSI.

For frequency sensitivity analysis for rotational DOFs, the simulated input was a sinusoidal
pitch motion with frequencies of 0.01 to 1 Hz and of varying amplitudes from 2 to 22°, which
corresponds to horizontal specific forces of 0.34 to 3.68 m/s?, respectively. The simulations
were done for 30min to compare the accumulated conflict at the end of this exposure. The
simulation time and frequencies were chosen to match the available experimental data of
Howarth and Griffin (2003).
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Figure 3.3: Head motion signals in slalom driving (10-35 s) followed by braking and turning (40-50 s) from Irmak
et al. (2020).

Real-World Sickening Drive A real-world slalom driving experiment was conducted by
Irmak et al. (2020), where a passenger was driven through a route with slaloms of an am-
plitude of 0.4 g and a frequency of 0.2 Hz followed by braking and turning (figure 3.3).
Measured 3D head motion was always used as the vestibular input to the models, as well
as the visual input when an external view is available (in ‘external’ and ‘only’ vision sce-
narios). For ‘internal vision’, the visual inputs are set to constant specific values: ‘visual
vertical’ pointing downward and ‘visual rotational velocity’ set to zero. Lastly, in the case
of ‘no vision’, the visual loops of the models are fully disabled.

Motion Perception Paradigm Tests Five fundamental motion perception paradigms were
simulated to verify the fidelity of the models (table 3.3, lower half). In all these paradigms,
participants are subjected to passive motion without vision. They are requested to indicate
the perceived velocity and/or perceived verticality through a handheld device. Thereby,
such experiments demonstrate perceived motion resulting from the sensory integration of
otolith and semicircular canal information.



Table 3.3: Experimental motion paradigms used for validation.
All experiments involved seated subjects with the head upright.

Motion Paradigm

Details

Reference

Sickness Experiments

Frequency Sensitivity for
vertical accelerations

Frequency sensitivity for
lateral accelerations

Frequency sensitivity for
fore-aft accelerations

Amplitude sensitivity for
fore-aft and lateral
accelerations

Amplitude sensitivity for
fore-aft accelerations

Frequency sensitivity for
pitch oscillations

Frequency sensitivity for
pitch oscillations

Real-World Sickening Drive

Perception Experiments

Earth Vertical Axis Rotation
(EVAR)

Off Vertical Axis Rotation
(OVAR)
Somatogravic Illusion

Centrifuge

Pseudo-Coriolis

Frequency sensitivity (0.03 to 0.7 Hz) with
varying amplitudes (0.027 to 0.55 g) for the
vertical direction; internal vision; active neck
stabilization

Frequency sensitivity in lateral accelerations
(0.2to 1 Hz) of 3.6 m/sz; internal vision;
active neck stabilization

Frequency sensitivity in fore-aft
accelerations (0.15 to 0.5 Hz) of 2 m/s?;
internal vision; active neck stabilization

Amplitude sensitivity for longitudinal and
lateral accelerations (0 to 1.78 m/s?) at a
fixed frequency of 0.315 Hz; internal vision;
active trunk and head stabilization

Amplitude sensitivity (1 to 2.5 m/s?) in
fore-aft accelerations at a fixed frequency of
0.3 Hz; internal vision; active neck
stabilization

Frequency sensitivity for pitch oscillations
(0.025 to 4 Hz) at a fixed amplitude of 8°;
internal vision; active trunk and head
stabilization

Frequency sensitivity (0.01 to 1 Hz) with
varying amplitudes (2 to 22°) for pitch
oscillations

Car driving with 0.2 Hz, 0.4 g slalom with
braking and turning

Yaw angular velocity perception during EVAR
at30°/s

Yaw angular velocity perception during
OVAR with 10° head roll

Pitch perception during constant
acceleration of 4 m/s?

Roll-tilt perception during centrifuge at
250°/s

Angular velocity, pitch angle, and roll angle
perception during a Coriolis stimulation at
138°/s with 45° head tilt

McCauley et al. (1976)

Golding and Markey (1996)

Irmak et al. (2021)

Griffin and Mills (2002a)

Irmak et al. (2022)

Howarth and Griffin (2003)

No experiment data
available

Irmak et al. (2020)

Vingerhoets et al. (2006);
Waespe and Henn (1977)

Vingerhoets et al. (2006)

Correia Gracio et al. (2013)

Merfeld et al. (2001)

No experimental data
available. Using data as
mentioned in Newman
(2009)




3.3 RESULTS

3.3.1 Motion Sickness Frequency Sensitivity Analysis

Sickness with Head Translation

Figure 3.4 shows the frequency and amplitude sensitivity with sinusoidal translational head
acceleration without vision (i.e., vestibular inputs only). For pure translation in the SVC
models, identical results are obtained when the direction of acceleration is along the lon-
gitudinal (fore-aft), lateral (left-right), or vertical (up-down) axis. On the other hand, the
MSOM has anidentical response, conflict increasing with frequency, with longitudinal (fore-
aft) and lateral (left-right) acceleration, but conflict does not depend on the frequency with
vertical (up-down) acceleration.

It can be observed in Figure 3.4 that the peak conflict occurs around 0.16 Hz for the SVC-
based models, which is consistent with experimental observations of McCauley et al. (1976)
for vertical accelerations, as shown in figure 3.4e. In McCauley et al. (1976)’s experiments,
participants had to keep their eyes open, which is analogous to our ‘Internal vision’ con-
dition. Still, in Fig. 4 we have compared this experiment data to the modeled ‘No vision’
condition. We have done this for consistency with previous work, e.g. Kamiji et al. (2007),
on benchmarking purely vestibular motion sickness models. Furthermore, currently no
comprehensive ‘Internal vision’ dataset comparable to the McCauley et al. (1976) dataset
is available. We show this comparison only to verify our implementation of the models.

While similar comprehensive data is not available for horizontal motion, still some data with
either frequency or acceleration fixed is available as a reference. For longitudinal (fore-aft)
motion, Irmak et al. (2020) have used motion perturbations at a peak acceleration of 2 m/s?
and frequencies of 0.15, 0.2, 0.3, 0.4, and 0.5 Hz to measure motion sickness measured in
terms of the Mlsery SCale (MISC). Also, Irmak et al. (2022) have conducted experiments at a
fixed frequency of 0.3 Hz and varying amplitudes of 1.0, 1.5, 2.0 and 2.5 m/s? to collect MISC
ratings. Furthermore, Golding and Markey (1996) and Golding et al. (1997) have perturbed
subjects with lateral motion with a peak acceleration of 3.6 m/s? and frequencies of 0.2,
0.35, 0.5, 0.7 and 1.0 Hz. A direct comparison of the data from these studies (black lines)
with our model simulations (colored lines) is shown in figure 3.5.

It is interesting to note that the group-averaged results (figure 3.5d and figure 3.5a) are
close to the integrated conflict from the simulations of the SVC-based models, while at an
individual level (figure 3.5b, transparent lines) the differences can still be very large. Itis to
be noted that the SVC; and SVC,;; model parameters are tuned by Kamiji et al. (2007) using
data for vertical accelerations from McCauley et al. (1976), and hence may not hold true for
other directions (Kamiji et al., 2007). It should be noted that all figures show the normalized
conflict (normalized for each figure, not on the whole) to easily compare different models.
Hence, we show the ability of the models to reproduce relative trends between conditions
as a function of motion frequency and amplitude, and as a function of visual condition.

Figure 3.6 shows the effect of vision on the frequency and amplitude sensitivity with fore-
aft sinusoidal accelerations for the compared models. In the left column (No Vision) the
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‘VR’ and ‘VV’ loops are disabled and hence do not affect the results. Vision loops as im-
plemented with visual rotational velocity (‘VR’) in the SVC;, SVCy ;, and MSOM models do
not affect the perception of fore-aft accelerations and hence have no effect on the devel-
opment of motion sickness when subjected to purely translational accelerations (see ‘VR’
models in figure 3.6). However, when the visual vertical (‘"VV’) loop is active, the responses
differ from the ‘no vision” case in particular at the lower frequencies. In the absence of
rotations, the visual vertical remains unchanged (i.e., upright) which is expected to coun-
teract the somatogravic illusion. However, this effect is only observed in the MSOM and
not for the SVC models (see section 3.3.3). Nonetheless, the visual vertical does cause a
shift in the peak frequency of conflict to lower frequencies in the SVC models, with both
‘internal’” and ‘external’ vision. However, in the MSOM, which shows a limited effect of
stimulus frequency on conflict without vision or with VR, adding the VV loop causes the
effects of frequency on conflict to become marginal (figure 3.6). None of the models show
any conflict in the ‘only vision’ case. All models with visual vertical input are sensitive to vi-
sion during pure translations. The influence of vision in pure translation motion in humans
is not substantial, as observed by Butler and Griffin (2006), where no significant change in
motion sickness was observed during pure sinusoidal fore-aft motion under various vision
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circumstances. Therefore, we conclude that the SVC models with visual rotational velocity
(‘VR’) more closely replicate motion sickness during pure translation in response to changes
in visual conditions.

Sickness with Head Rotation

Pure head pitch or roll rotations can result in equivalent changes in the subjective vertical
orientation as those that result from linear horizontal (fore-aft or left-right) accelerations.
To compare the effects of rotational inputs in the different models, the predicted frequency
sensitivity of motion sickness with varying vision conditions is shown in figure 3.7. The
responses to pitch and roll in all models are identical due to identical parameters for these
two DOFs. It is to be noted that yaw rotations do not affect the perception of verticality by
the vestibular system in these models and hence will have an entirely different response,
which is addressed later in this section.
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Figure 3.6: Frequency sensitivity of integrated conflict (m/s) with sinusoidal fore-aft motion for different vision
conditions: ‘no vision’ (eyes closed), ‘external vision’ (eyes open and with outside view), ‘internal vision’ (eyes
open and without outside view), ‘only vision’ (no motion) and comparison of vision cases at 0.2 Hz and 0.7 g

fore-aft motion for SVC;, SVCy; and MSOM (Plots for the 'no vision’ case are the same as in figure 3.4)



The effect of vision on conflicts in rotation shown in figure 3.7 is much stronger compared
to the effect of vision in translation shown in figure 3.6. This difference is due to the na-
ture of the vision inputs: they are assumed zero for the translation case, but non-zero and
sinusoidal for the rotation case, which amplifies the effect of vision during rotations. It can
be observed that the presence of ‘external vision’ results in a reduction in conflict as com-
pared to the 'no vision’ case for six out of nine models, which is in line with experimental
results of Wada et al. (2020), Wada and Yoshida (2016) and Griffin and Newman (2004).
This is followed by ‘only vision’, and lastly ‘internal vision’ in the SVC;-VR and SVCy ;-VR
models. The ‘internal vision’ case shows the largest conflicts across all models. This is due
to the contradicting signals between the visual and the vestibular sensors. One thing that
is common among all plots of SVC; and SVCp ; models is that the peak conflict frequency is
at 0.2 Hz. This peak conflict frequency is the same as the peak motion sickness frequency
observed by O’Hanlon and McCauley (1974) in vertical motion in ships. This is achieved
by careful tuning of parameters by Inoue et al. (2023); Liu et al. (2022); Wada et al. (2020)
and further verified in Appendix B.1 where it was found that the parameters as reported in
Inoue et al. (2023); Liu et al. (2022); Wada et al. (2020) are optimal for imitating frequency
dynamics of motion sickness. The MSOM, however, has very different frequency dynamics
that predict increased sickness with higher stimulus frequencies for the ‘no vision’ and ‘ex-
ternal vision’ cases in the MSOM-VV and MSOM-VR+VV. For the ‘internal vision” and ‘only
vision’ cases, the same models show a frequency sensitivity that is invariant with frequency.
As a clear peak sensitivity frequency is lacking, both these results are in disagreement with
available experiment data. This is due to the selection of otolith conflict as the best proxy
for motion sickness, by Irmak et al. (2023). This choice may not be suitable for predicting
motion sickness in conditions with vision, which Irmak et al. (2023) did not investigate. This
has been further discussed in sections 3.4.1 and 3.4.2.

The simulation results in figure 3.7 can, however, only be partially verified, as published
data is lacking on motion sickness frequency and amplitude sensitivity in rotational motion
paradigms. The most closely related data is from Howarth and Griffin (2003), where mo-
tion sickness during roll motion was evaluated at frequencies of 0.025, 0.05, 0.1, 0.2, and
0.4 Hz and a peak amplitude of 8°. The experiment data and the results from the model
simulations are shown in figure 3.8. Even though the frequency of 0.2 Hz had the highest
number of people reaching an illness rating (IR) of 2 and above, no significant effect of fre-
quency was found by Howarth and Griffin (2003). The peak conflict frequency observed in
our simulations in the SVC; and SVCy;; model simulations are 0.2 Hz as well. However, the
drop in sickness is much steeper in the models than in the data from Howarth and Griffin
(2003). The MSOM, on the other hand, shows a response more like a high-pass filter, which
is very different from the SVC models and the experiment data.

In addition to the results in figures 3.7 and 3.8, the conflicts with pitch motion are compared
to linear accelerations providing an identical horizontal component of the specific force.
These have been shown in figure 3.9. The expected result is a smaller conflict for pitch
motion than for linear accelerations (Howarth and Griffin, 2003), even though pitch angles
of 5.74 to 44.43° correspond directly to longitudinal specific forces of 0.1 g to 0.7 g. In
SVC; and SVCy; models, the peak conflict frequency has shifted from 0.16 Hz to 0.2 Hz,
with no difference in conflict magnitude for the SVC; model and the SVCy; model. In
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Figure 3.7: Frequency sensitivity of integrated conflict (m/s) with sinusoidal pitch motion for different vision con-
ditions: ‘no vision’ (eyes closed), ‘external vision’ (eyes open and with outside view), ‘internal vision’ (eyes open
and without outside view), ‘only vision’ (no motion) and comparison of vision cases at 0.2 Hz and 20° pitch motion
for SVC;, SVCy; and MSOM
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MSOM, there is an increase (over 2 times) in conflict magnitude for the pitch input at low
frequencies. This is because the otolith conflict, used as a proxy for motion sickness, has
a low sensitivity to rotations. This makes the MSOM, while using the otolith conflict as a
proxy for motion sickness, unsuitable for motion sickness predictions in cases with high
rotational velocities, like in vehicles. Experimental data with motion sickness at various
frequencies and amplitudes are not available to verify the predicted difference in conflict
magnitude.

A very important assumption in the Subjective Vertical model by Bos and Bles (1998) and
all SVC-based models tested in this paper, is that motion sickness occurs due to a conflict in
the perceived and expected vertical (both direction and magnitude). As pure yaw rotations
will not affect the perception of verticality, no conflict and subsequently motion sickness
accumulation will be predicted by SVC-based models. The same is true for the MSOM, as
the otolith conflict is only affected when the orientation vector is altered, which is not the
case during pure yaw rotations. To verify this, all models were simulated for pure yaw mo-
tion, and the results showed that no conflict was predicted in any of the vision conditions,
as expected, see Appendix B.2. However, this predicted absence of motion sickness during
yaw motion is in contradiction with Golding et al. (2009), where 9 out of 12 participants
reached a sickness rating of 2 while being earth vertical, and a larger sickness when the
visual stimulus was tilted. A potential explanation is that perfect verticality is impossible
to achieve experimentally, e.g., due to other motions such as misalignment of the head
with the axis of rotation. To explore this, and to investigate the effect of visual feedback,
we simulated yaw motion with a constant pitch attitude of 10° for all models and vision
conditions.

Figure 3.10 shows that a slight pitch attitude indeed results in substantial conflict in the ‘no
vision’ condition, as expected based on Golding et al. (2009). In the model predictions, the
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Figure 3.9: Integrated conflict (m/s) with pitch motion for pitch angles, of 5.74 to 44.43° (bottom row), are com-
pared to linear accelerations, of 0.1 to 0.7 g’s (top row, also shown in figure 3.6 with a different scale), providing
an identical horizontal component of the specific force

highest conflict is found in ‘internal vision’ case, as expected due to the substantial dispar-
ity between visual and vestibular inputs. Unexpectedly some conditions show a constant
conflict being invariant with frequency and amplitude of the applied yaw motion. In these
cases the conflict depended only on the applied constant pitch. This applies to ‘internal
vision’ and ‘only vision’ conditions for models with a ‘VV’ loop. This result indicating con-
flict in static pitch with sinusoidal yaw motion is not in agreement with experimental data.
This effect occurs due to the constant conflict between the visual and vestibular estimates,
a consequence of their constant inputs. For instance, in the case of ‘internal vision,” the
vestibular inputs maintain a constant value representing the true specific force following
a 10° pitch, while the visual input retains a specific force vector pointing downward ([0, O,
-9.81]). In contrast, in the ‘only vision’ case, these are reversed. Here the visual input is
the true specific force following a 10° pitch and vestibular input is a specific force vector
pointing downward ([0, 0, -9.81]). For the case of ‘only vision’, all three models with visual
rotational velocity input show negligible conflict. This is because of the constant pitch with
the visual rotational velocity loop, which only produces yaw angular velocity conflict. This
does not influence the otolith and subjective vertical conflict. It is to be noted that the
visual rotational velocity loop is only concerned with rotation velocities and does not ac-



count for lateral specific forces, induced due to changes in rotation after each cycle. These,
however, are captured by the visual vertical feedback loop as explained earlier.

Overall, for yaw motion with a constant pitch of 10°, the MSOM predicts smaller conflicts
compared to the SVC; and SVCp ; models with the conflict increasing with frequency. This
is again due to the lower sensitivity of the MSOM'’s otolith conflict to rotations. By interpret-
ing the results, it can be deduced that in yaw motion, the SVC;-VR and SVCp ;-VR models
better match the expected relative sickness incidence for different vision conditions than
the MSOM.

3.3.2 Motion Sickness Predictions for Real-World Sickening Drive

Slalom experimental data from Irmak et al. (2020), as introduced in section 3.2.2, was used
to verify the accuracy of the models’ motion sickness predictions for real-world driving
scenarios. This data includes measured head accelerations and rotations that are used as
input to the models.

Figure 3.11 shows the integrated subjective vertical conflict generated by all the models
for the considered ‘external vision’, ‘internal vision’, ‘only vision’, and ‘no vision’ cases. For
the SVC; models, conflicts in ‘internal vision” and ‘only vision” are observed to be lower in
the SVC;-VV model, followed by the SVC;-VR model, and the highest in SVC;-VR+VV. This
suggests that conflict contributions from the different vision loops are cumulative in the
combined SVC;-VR+VV model. For the ‘external vision’ and ‘no vision’ cases, the conflict is
the same for all three versions of the SVC; model. This s as expected: in the ‘no vision’ case,
the vision loops do not affect the responses, while for ‘external vision’ the vision matches
the vestibular motion inputs, and conflict is always minimized. In all three versions (i.e.,
VR, VV, and VR+VV) of the SVC; model, the ‘no vision’ and ‘external vision’ case responses
show minimal differences, while the responses of the ‘internal vision’ case always show the
largest conflict. This matches the expected effect of vision on motion sickness. Although
the SVC;-VV model correctly predicts the expected order of severity for the other vision
cases, it shows the least amount of conflict for the ‘only vision’ scenario, which is contrary
to expectations.

The SVCy; model also predicts that the ‘external vision’ case is less sickening than the
‘internal vision” and ‘only vision’ cases. However, the ‘no vision’ case shows, unexpectedly,
the largest conflicts of all compared cases. This is due to the increase in the magnitude of
acceleration conflicts as a result of removing the integration in the acceleration feedback
loop. Hence, the SVC,,; sacrifices accuracy in replicating conflicts.

For the MSOM model, figure 3.11 shows that in the ‘only vision’ case, the predicted levels
of motion sickness are low. Conversely, the responses for the other vision conditions are
essentially the same. This implies that the main contributor to the otolith conflict in the
MSOM is the physical motion perceived by the vestibular system and not the contributions
from vision.

From the results of all three models in figure 3.11, the SVC; models seem best for the pre-
diction of the effect of vision on motion sickness, as the order of severity of the different
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different vision conditions of — ‘no vision’ (eyes closed), ‘external vision’ (eyes open and looking out of the car),
‘internal vision’ (eyes open and on objects inside the car), ‘only vision’ (no motion) for SVC;, SVCy; and MSOM
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considered vision conditions matches with expectation. The SVC,; models, however, pre-
dict that ‘internal vision’ is less or about the same sickening as the ‘only vision’ case, which
is contrary to the expected effects. For the MSOM, the otolith conflict term selected by
Irmak et al. (2023) as a predictor for motion sickness, is found to be unsuitable for motion
sickness simulations with vision, as it does not output the expected order of motion sick-
ness severity of vision conditions in the model’s output. These results are consistent with
the observations made in section 3.3.1 where the SVC; model was found to be reliable in
replicating sickness results from the literature with a plausible order of severity of vision




conditions.

3.3.3 Motion Perception Paradigm Tests

To further evaluate the realism of the models’ simulated perception mechanisms that pre-
dict motion sickness, the models’ capacity for explaining well-known motion perception re-
sponses in fundamental motion perception paradigms, and how the outcomes vary due to
the presence of the considered vision loops, was investigated. A summary of the outcomes
is shown in table 3.4; the detailed results are discussed per paradigm in the remainder of
this section.

Table 3.4: Summary of Motion Perception Test Results;
Red cross - Result in disagreement with literature, Green Tick - Result in agreement with literature, Yellow Excla-
mation - Some of the results are in agreement with literature

SVC, SVCy MSOM
Tests

VR VV VR+VV | VR VV VR+VV | VR VV VR+VV
EVAR v X v X v VAR ¢ v
OVAR v X v X v v X v
Somatogravic| X X X X X v v
Illusion
Centrifuge X X X v 4
Pseudo X X X X X v X v
Coriolis

EVAR (Earth Vertical Axis Rotation) and OVAR (Off-Vertical Axis Rotation) As observed
by Waespe and Henn (1977) in monkeys and reproduced here in figure 3.12, it is expected
that the perception of rotational velocity in EVAR will converge to a value that approximates
the true rotational velocity when vision is active. In the absence of vision, however, the
perception of rotation should decay exponentially to zero. Even though similar measured
neural responses are not available, the same effects of vision on self-motion perception in
EVAR have been observed in humans (e.g., (van der Steen, 1998)). Pure yaw motion, by
itself, does not impact the visually perceived orientation relative to gravity. Therefore, in
models with visual vertical as the sole visual input, the correct prediction of the expected
visual effect is not expected. Figure 3.12 shows the models’ results for the angular velocity
perception, which are similar across all three models because of the similar visual loop im-
plementation. As expected, and consistent with the findings of Waespe and Henn (1977),
the models that include a visual rotational velocity input (‘VR’) predict the well-known vari-
ation in perceived rotational velocity for the different vision conditions. The models with
only visual vertical input (‘VV’) have an identical response for all vision conditions involving
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physical motion, i.e., all except ‘only vision’ for which the models show zero perception of
rotational velocity. The models with only visual vertical are thus indeed not affected by
the vision condition. The model responses are the same as the case with ‘no vision’ except
for the case of ‘only vision’, which has no response due to the visual vertical not registering
any yaw rotations. These results show that the models with visual rotational velocity (‘VR’)
more realistically model the effect of varying vision conditions in EVAR. This is consistent
across all the models including SVC;, SVCy;, and MSOM.

In OVAR, it is expected, based on the findings of Vingerhoets et al. (2006), that the per-
ception of angular velocity in the dark (‘internal vision’) will decay exponentially over time.
Perception responses for other vision conditions are not available in the literature. The
model predictions show that the perception of angular velocity during OVAR is identical to
EVAR as in figure 3.12 and are hence not shown.
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Figure 3.12: Angular velocity perception during EVAR at 60°/s;
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Somatogravic lllusion The ‘somatogravic illusion’ is the phenomenon where, in absence
of visual cues, low-frequency forward linear accelerations are incorrectly perceived as changes
in pitch angle (tilt); lateral accelerations similarly induce a perception of roll. This effect
was, for example, observed and quantified in Correia Gracio et al. (2013). Furthermore,
Tokumaru et al. (1998) found that the strength of the somatogravic illusion was reduced
in the presence of a visible horizon (‘external vision’). However, the presence of a vection
stimulus (‘only vision’) did not cause a similar illusory effect. It is expected that this illusion
occurs when there is no outside view, i.e. ‘internal vision’ and ‘no vision’. This is an impor-
tant motion perception test, as somatogravic illusion is known to be closely linked to spatial
disorientation (Groen et al., 2022) as well as motion sickness induced by accelerations in
the horizontal plane (Irmak et al., 2021; Wood, 2002; Wood et al., 2007).

Figure 3.13 shows the response of the tested models for this paradigm. The lower graphs
in each subplot show the input acceleration in bold black, along with perceived linear accel-
erations in the different vision conditions of ‘external vision’ (blue), ‘internal vision’ (red),
‘only vision’ (yellow), and ‘no vision’ (purple). The upper graph shows the corresponding
perceived pitch angles for the different vision conditions and also the pitch angle corre-
sponding to the gravito-inertial force vector tilt, which is equal to 22.18° for the 4 m/s?
forward acceleration. Contrary to expectations, figure 3.13 shows that the SVC; model
predicts this illusion to occur for all vision cases, i.e., the responses for all SVCp; models
are identical. Furthermore, the SVC; model also does not show the capability to model this
illusion in the presence of vision. Even though adding the visual vertical input (‘VV’) reduces
the perception of pitch in the presence of vision, it is still not reduced to zero, which is the
expected output. Thus, both visual inputs do not help in the perception of acceleration in
SVC-based models. However, the vision input does affect the perception of acceleration in
the MSOM with visual vertical input. The response of the MSOM-VV is exactly as expected
based on existing literature, with the illusion occurring only during the ‘no vision’ case. This
shows, for the first time in our analysis, that the visual vertical input positively contributes
to predicting human motion perception responses in motion perception models. This is
carried forward into the MSOM-VR+VV where the visual vertical again helps in capturing
this illusion. Thus, the results in figure 3.13 show that only the MSOM with the visual ver-
tical input (i.e., MSOM-VV and MSOM-VR+VV) is able to accurately predict the expected
variation in the somatogravic illusion due to vision.

Centrifugation When humans are rotated in a centrifuge facing the direction of the local
velocity vector in absence of visual cues, they perceive a roll tilt Merfeld et al. (2001). This
tilt perception is induced by the constant (lateral) centrifugal force’s contribution to the
specific force vector perceived with the otoliths, from which humans are unable to differ-
entiate the inertial and gravitational parts. However, in the presence of upright visuals, no
roll-tilt is perceived. This well-known suppression of tilt perception is effectively used in
moving-base vehicle simulators through tilt-coordination (Berger et al., 2010). Figure 3.14
shows that the different tested models provide a different response for each vision condi-
tion. Furthermore, the SVC; model is found to be unable to predict the expected roll-tilt
perception, while the SVCy; (Inoue et al., 2023) does show the expected response for the
‘no vision’ case. However, in the presence of ‘external vision’, the responses of the SVCy;
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model show a strong perception of roll tilt, which is not the case in real life. The MSOM,
on the other hand, is able to simulate all vision cases accurately, showing no roll tilt for
the perception for the ‘external vision’ and ‘only vision’ cases, but the expected tilt for the
‘internal vision” and ‘no vision’ cases. The only exception is the MSOM with only visual ver-
tical (MSOM-VV), which does not predict tilt perception for ‘internal vision’. Thus, only the

MSOM with visual rotational velocity (MSOM-VR and MSOM-VR+VV) is able to accurately
capture the effect of roll tilt perception in a centrifuge paradigm.
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Pseudo-Coriolis The pseudo-Coriolis perception paradigm (Dichgans and Brandt, 2009) is
elicited by tilting the head out of the axis of rotation of a circular moving surrounding visual.
This tilting of the head elicits a stimulus in the third (unexcited) axis of rotation. The result-
ing sensation is identical to that which arises during actual rotating motions (i.e., Coriolis).
Figure 3.15 shows that only the MSOM model with visual rotational velocity (MSOM-VR
and MSOM-VR+VV) is able to capture the excitation of the third rotational axis, shown by
the pitch angle and pitch velocity perception. The models with visual vertical (SVC;-VV,
SVCy ;-VV, and MSOM-VV) are seen to be insensitive to the visual yaw rotation, as this mo-
tion is not captured by the model’s inputs: the visual vertical input is unaffected by yaw
rotations and even when there is a head tilt, there may be roll angle perception, but there
is no roll or pitch velocity perceived by the model. The SVC; models with visual rotational
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velocity inputs (visual rotational velocity) do show pitch responses, but the perceived ro-
tation angles do not return to zero after the end of the stimulus, which is unrealistic. The
SVCp ; model, on the other hand, does show a response to the stimulus and convergence
back to zero, however, the responses are oscillatory with ‘VV’ active. Figure 3.15 shows
that a visual rotational velocity input is required for predicting human motion perception
during the pseudo-Coriolis paradigm. However, there is no literature with continuous mea-
surement of the perceived pitch rotation angle or rotational velocity during pseudo-Coriolis
to validate these model responses.
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3.4 DISCUSSION

For the first time, the implementation of the effects of vision in state-of-the-art motion sick-
ness and motion perception models was broadly validated. Vision loops were selectively
disabled or enabled to compare the models’ responses to various stimuli. These included
the well-known frequency sensitivity of motion sickness, sickness in a slalom drive, and per-
ception responses in fundamental motion paradigms. Of the nine tested model variants,
none was able to reproduce all experimental sickness and perception results. All models
showed (some) realistic effects of vision, but all were unable to reproduce at least one ex-
perimental finding. Overall, the SVC best matched the experimental motion sickness data,
whereas the MSOM showed the best match for motion perception. In the following, find-
ings will be discussed and recommendations will be formulated on the most critical and
promising model structures for simulating motion perception and motion sickness.

In this paper, the models were validated using the parameters reported in their respective
publications. While enhancing modeling accuracy through parameter optimization was
possible, it falls beyond the paper’s scope. For simplicity in comparing the VV and VR loops
in the SVC and MSOM models, we utilized the models’ original published forms and pa-
rameters. Consequently, these results should not be generalized to SVC or MSOM models
with different parameters. However, while adhering to these defined parameters, we have
achieved meaningful insights and valuable findings in this context.

3.4.1 Motion Sickness Frequency Sensitivity

Comparing the frequency and amplitude sensitivity of motion sickness incidence in the ver-
tical direction, from McCauley et al. (1976), to the conflict predictions from motion sickness
and motion perception models (SVC;, SVCy ;, and MSOM), it is observed that the SVC; and
SVCy accurately capture the frequency and amplitude dynamics. In its current published
form (Clark et al., 2019; Newman, 2009) and with the acceleration conflict used as a proxy
for motion sickness Irmak et al. (2023), the MSOM cannot capture this frequency dynam-
ics and predicts no frequency dependency of conflict in the vertical direction due to the
choice of the otolith conflict as an indicator of motion sickness, which is not affected by
purely vertical accelerations.

Visual cues are implemented in two ways: visual rotational velocity (‘VR’) and visual vertical
(‘VV’). The sensitivity of the predicted conflicts to the gains of each visual loop in the three
models was also tested, see Appendix B.1. The results show that the gains reported by the
respective authors are optimal for sickness simulations. To analyze the effects of vision,
frequency sensitivity analysis during pitch and fore-aft motion was carried out. A small ef-
fect of vision on the conflicts due to translation was observed (see Figure 3.6). However,
a large effect of vision on the conflicts due to rotations was observed (see figure 3.7). It
was observed that only the SVC models with visual rotational velocity (namely, SVC;-VR
and SVCy ;-VR) are able to accurately model the sickness severity of various vision condi-
tions relative to each other (from most severe to least severe - ‘internal vision’, ‘only vision’,
‘no vision’ and ‘external vision’ (Griffin and Newman, 2004; Irmak et al., 2020; Wada and



Yoshida, 2016)). The MSOM, though models the order of vision severity correctly, produces
low levels of conflict during pitch motion as compared to SVC models. The peak conflict
frequency in the MSOM during pitch motion, around 1Hz, remains unchanged when vision
loops are added. Also, in for-aft motion, the peak conflict frequency is around 1Hz, but
this changes in the case of visual vertical loop is added. Nonetheless, the peak frequency
of 1Hz is very different from what is found in the literature (see figure 3.4e). This may be
due to the inherent frequency sensitivity of the conflict term used. Using other conflict
terms also does not aid in improving the frequency response of the MSOM (Irmak et al.,
2023). This different peak conflict frequency combined with its no sensitivity to vertical
accelerations shows that the MSOM is not (yet) suitable for motion sickness simulations.

Unfortunately, to the best of our knowledge, there exists only a single experimental dataset
(Howarth and Griffin, 2003) to show the frequency sensitivity of motion sickness with ro-
tations. Hence, it is difficult to conclude with certainty which of the models is accurate.
Hence, there is a need to plan and carry out experiments to capture the frequency sen-
sitivity with varying pitch/roll angular velocities. Along with this, motion sickness data at
different cases of visual stimuli (‘external’, ‘internal’, ‘no’, and ‘only’ vision) need to be inves-
tigated to better understand the effect of vision and verify the effects of vision on frequency
sensitivity of motion sickness as predicted by figures 3.4 to 3.9.

Another important conclusion is that none of the models, the SVC;, SVCy;, and MSOM,
show any conflict in vertical due to pure yaw rotations. While there may be conflict gen-
erated between perceived and estimated rotational velocities, this is not used for motion
sickness predictions. However, this contradicts the finding of Golding et al. (2009), who
showed that while being earth vertical and with optokinetic stimulation, motion sickness
is still observed during yaw motion: 9 out of 12 participants reached a sickness rating of 2.
There’s a possibility that some degree of head tilt occurred, leading to an imperfect align-
ment with the rotation axis, as mentioned in Bos et al. (2008). However, if this were the
case, we would expect a significant increase in motion sickness scores when the tilt is intro-
duced, which is not observed in Golding et al. (2009). Another plausible explanation is the
presence of inherent irregularities or asymmetry in the vestibular organs, potentially caus-
ing motion sickness during pure yaw motion. Nevertheless, it’s reasonable to assume that
the human brain habituates to such irregularities, updates an internal model to account
for the affected vestibular organs, and compensates for them. It’s noteworthy that none
of the models considered this adaptation process. Alternatively, it’s conceivable that multi-
ple sources of sensory conflict exist, with specific conflicts contributing to motion sickness
during yaw motion as in Khalid et al. (2011b). Additionally, it was found that even a small
constant pitch of 10° during yaw motions can incite substantial levels of motion sickness in
all models, as has been also verified by Golding et al. (2009). This was also backed up by the
conflict generation in high yaw motions during slalom maneuvers as shown in figure 3.11
and in Appendix B.3.

3.4.2 Motion Sickness in Slalom Drive

Until now these motion sickness and motion perception models were only tested either by
using fundamental inputs like a sine wave (Kamiji et al., 2007; Wada et al., 2020) or by real-



world driving data while ignoring the vision loops Wada et al. (2015); Wada and Yoshida
(2016); Yunus et al. (2022). In this paper, the ability of the vision loops to differentiate
various vision conditions was studied using experimental data by Irmak et al. (2020). It
is found that only the SVC;-VR and SVC;-VR+VV models are able to accurately model the
varying sickness severity of various vision conditions (from most severe to least severe:
‘internal vision’, ‘only vision’, ‘no vision’, and ‘external vision’ (Griffin and Newman, 2004;
Irmak et al., 2020; Wada and Yoshida, 2016)). The use of only visual vertical (SVC;-VV)
deteriorates the ability of the SVC; model by increasing the conflict during the ‘external
vision’ case. Hence, it is necessary for the SVC; model to have visual rotational velocity as
an input to capture the effects of vision. The SVCy; models, however, predict an incorrect
order of severity of vision conditions. Possibly the parameters need to be further tuned to
improve performance in vision conditions as opposed to only in case of ‘no vision’ as was
done in Inoue et al. (2023).

The MSOM does predict sickness in the slalom drive but predicts small any effects of vision.
In the MSOM, the otolith conflict term selected by Irmak et al. (2023) is found to be unsuit-
able for motion sickness prediction with vision, as it does not show the expected sensitiv-
ity to vision in the model’s output. This choice may not be suitable for predicting motion
sickness in conditions with vision, which Irmak et al. (2023) did not investigate. Hence, al-
ternate conflict terms, like a combination with angular velocity conflict, can be considered.
This was also recently proposed by Allred and Clark (2024), who used a weighted sum of
various conflict terms of MSOM. They found the highest weighting factor for conflict in f,
(GIF in their paper) as compared to conflict in @ and conflictin £, (a in their paper). How-
ever, we expect A f,, and A f,, to yield similar results as they derive from the same signals.
Allred and Clark (2024) do not explicitly reflect on the consequences for their model’s fit
when any of these two conflict terms are omitted. Also, they do not make any comparisons
with other models, such as the SVC; model, which our paper shows to have better motion
sickness frequency dynamics as compared to the MSOM.

In addition to comparing the effects of vision, the contribution of each degree of freedom to
the conflict was investigated (see Appendix B.3). This was done by switching each degree
of freedom off and seeing its effect. This revealed important insights. It was observed
that the conflict from SVC; and SVCp; models have a low sensitivity on linear degrees of
freedom (translational motion). The MSOM, on the other hand, is highly sensitive to linear
degrees of freedom while not so sensitive to rotation degrees of freedom. It was hence
concluded that only the SVC;-VR is able to match sickness and how it is affected by vision
in this naturalistic driving dataset.

3.4.3 Motion Perception Tests

From the motion perception tests, it is evident that MSOM-VR+VV can predict the effects
of vision in all motion paradigms. The visual rotational velocity (VR) input is essential for
capturing the effects of vision on human motion perception. However, the visual verti-
cal (VV) input is only useful during the somatogravic illusion, and only in the MSOM. It is
understandable that visual vertical will not be of any help during yaw angular velocity per-
ception, as there is no feedback from the visual vertical due to no change in verticality. In



SVC-based models, the visual vertical is not even able to help in cases of rotation angle or
acceleration perception (as in somatogravic illusion (figure 3.13), centrifuge (figure 3.14)
and pseudo-Coriolis (figure 3.15)). The visual vertical does neither perform well for motion
perception tests nor does it aid the visual rotational velocity when the combined approach
is used in the VR+VV models. This was expected from models based on SVC, as these were
not designed for motion perception; rather they were designed with the sole purpose of
forecasting motion sickness. In the SVC-based models, there exists feedback from the semi-
circular canals to the otoliths, but not the other way around. This is the reason that the
SVC-based models show only a small perception of pitch during somatogravic illusion in
dark (‘internal vision’). The MSOM, however, is the best out of all the models, as it accu-
rately predicts all considered perception paradigms. Also, the visual vertical loop actually
helped in estimating pitch (bringing it down from 22.2° to 1.7°) and acceleration (increasing
it from 0 m/s? to 2.9 m/s?) during somatogravic illusion (see figure 3.13). This shows the
first evidence of visual vertical aiding in the simulations of motion perception in our analy-
sis. This superior performance in motion perception tests as compared to the SVC models
was expected, as the MSOM was designed to be a motion perception model and not a
motion sickness model like the SVC-based models. This is also supported by Groen et al.
(2022), where the MSOM reliably predicted the occurrence of somatogravic illusion in an
airplane accident investigation. This advantage in modeling motion perception does not
translate into motion sickness simulation, however, for which the MSOM performs poorly.

The SVCy; model was developed with the intention of improving the motion perception
quality of the SVC; (Inoue et al., 2023). However, as seen from the results for the so-
matogravicillusion and centrifugation paradigms tested in our paper (figures 3.13 and 3.14),
the model only showed improvement for the ‘no vision’ case. When vision loops are intro-
duced, the responses are not accurate. This indicates that there is room to improve the
SVC-based models, specifically for the cases with vision. One of the possible solutions is
to add feedback from the otoliths to the semicircular canals in the SVC-based models to
induce a perception of tilt when accelerated, which the current SVC-based models do not
account for.

3.4.4 Individual vs. Group-averaged models

In this paper, the integrated subjective vertical conflict, as predicted by sensory integration
models, was used as a proxy for experimental Motion Sickness Incidence (MSI), a key met-
ric for quantifying motion sickness evolution Bos and Bles (1998); McCauley et al. (1976).
However, MSI is a group-averaged metric and is not representative of an individual’s re-
sponse. For these models to be used in controlling motion comfort in automated vehicles,
MSl is not ideal as it targets the average severity of sickness. MSI could be used to design
controllers that output sickness levels for 50% of the users. However, this will ignore users
outside the envelope of average susceptibility. Thus, we need models that also predict the
lower/higher sickness levels, and capture variations between individuals. Thus, using an
individual-specific metric like MlIsery Scale (MISC), as proposed by Bos et al. (2010), will help
not only solve the aforementioned problem, but also enable an improved understanding
of how diverse the model parameters and subsequently the responses to a given stimulus



are. This has already been shown by Irmak et al. (2020), where individual MISC responses
were fitted to the Oman (1990) model and confirmed that individual models reduce predic-
tion errors by a factor of 2 as compared to group-based models. This was further improved
upon by Kotian et al. (2023) where a combination of SVC;-VR and Oman model greatly
increased fitting accuracy in varying vision conditions as well. Hence, we emphasize the
importance of using the MISC as a metric in future motion sickness studies. The next step
of the modeling will thus be to combine such conflict generation models with visual inputs
with a conflict accumulation model to be able to predict an individual’s motion sickness
level, in terms of a MISC score across varying vision conditions.

3.4.5 Comparison of Models and their Visual loops

Studies from Bos et al. (2008); Krapp and Hengstenberg (1996); Tokumaru et al. (1998)
imply that we need to have both visual vertical and visual rotational velocity for estimation
of self-motion. Visual vertical provides a visual reference for the direction of verticality and
is affected by both rotations and linear accelerations. Visual rotational velocity provides
visual angular velocity perception and is only induced by rotations. Visual rotation velocity
was shown to be essential in both sickness prediction and motion perception prediction in
SVC-based and MSOM models. Visual vertical helps only in the case of the MSOM, where it
improves the predicted perception of tilt during the somatogravic illusion paradigm. Visual
vertical has some effects on sickness prediction with SVC-based models, but given the lack
of experimental data, we cannot yet conclude whether visual vertical can enhance sickness
predictions. However, practically in our simulations of the aforementioned models, we
have found no convincing use of visual vertical in motion sickness simulations of SVC-based
models. This is due to the SVC-based models not having feedback from the otoliths to
the semicircular canals, which may help in reducing tilt perception when visual vertical is
included. Hence, changes need to be made in the SVC-based models to more realistically
include the effects of visual vertical.

The recent Visual-Vestibular Motion Sickness (VVMS) model by Jalgaonkar et al. (2021);

Sousa Schulman et al. (2023) has almost the same structure as the SVC model by Kamiji

etal. (2007), but integrates vision directly in the sensory part of the model. The Appendix B.4
shows that sickness results are identical to the SVC;-VR without vision. However, the inclu-
sion of visual input does have an impact on sickness results, although not in the expected

order of severity with vision. Thus, in its current form the VVMS is not a better predictor

of vision effects in motion sickness than the SVC;-VR model.

Comparing the models, it is evident that SVC models with a visual rotational velocity loop
should be used for motion sickness predictions. Adding the visual vertical loop has very
limited, and partially negative, effects making SVC;-VR the recommended model for mo-
tion sickness prediction. However, for the tested motion perception paradigms, the MSOM
with both vision loops (MSOM-VR+VV) performs best. Thus, there exists no universal model
to simulate both motion sickness and motion perception. In our recent paper (Happee
et al., 2023), we also evaluated the suitability of MSOM and SVCI-VR and SVCI-VR+VV to
explain neck stabilization across a range of passive translational and rotational motion con-
ditions. Here we found both MSOM and SVCI-VR+VV to well explain how vestibular and



visual information is integrated for postural stabilization, where the correspondence with
human postural stabilization data was not very sensitive towards model type or parameters,
but the SVCI-VR, did not correctly capture postural stabilization. This supports the idea that
one unified model of sensory integration could explain motion perception, motion sickness
and postural stabilization. To create such a unified model, one possible solution could be
to implement better otolith-semicircular canal interactions in SVC models as done in the
MSOM. This would help to better capture tilt perception during special motion paradigms
such as roll tilt perception during centrifuge and pseudo-Coriolis. Another solution could
be to apply a band-pass filter to the conflict term of the MSOM, thereby adjusting the
frequency responses. However, to accurately see the effects of such modifications, more
experiment data, especially with head rotation and under varying vision conditions, are
sorely needed.

3.5 CONCLUSIONS

The goal of this paper was to validate the effects of vision as currently modeled in state-
of-the-art motion sickness and motion perception models, i.e., the Subjective Vertical Con-
flict model with Integration of acceleration conflict (SVC;) (Liu et al., 2022; Wada et al.,
2015), the Subjective Vertical Conflict model with No Integration of acceleration conflict
(SVCx) (Inoue et al., 2023), and the Multi-Sensory Observer Model (MSOM) (Newman,
2009). The SVC;-VR model, which includes visual rotational velocity perception, best pre-
dicts experimental data for the effects of different vision conditions on motion sickness
development. However, at the perceptual level, the SVC;-VR model’s predictions do not
match available experiment data for a number of tested paradigms (i.e., somatogravic illu-
sion, tilt perception in a centrifuge). All motion perception paradigm data are accurately
matched by the tested MSOM-VR+VV, which includes both visual rotational velocity and vi-
sual orientation perception, however, no correct frequency sensitivity of motion sickness
is shown in the MSOM. Thus, the performed model comparison shows that no single model
exists that can accurately predict the effects of vision on motion sickness and motion per-
ception. Our next steps include expanding our model comparison effort to include other
conflict terms such as in (Allred and Clark, 2024). Here we expect the model by Allred and
Clark (2024) to provide results similar to our results for the MSOM when comparing the
predicted conflicts. The main improvement comes from the use of the nonlinear function
by Oman (1990) which greatly improves the motion sickness frequency dynamics as shown
in Kotian et al. (2023). Crucial steps towards realizing a unified model are, based on the
analysis in this paper, the implementation of more complete otolith-semicircular canal in-
teractions in SVC-based models such as the SVC;-VR, adding a band-pass filter to correct
the frequency dynamics of the MSOM. Along with this, future experiments will be directed
towards addressing the gaps in the existing literature identified in this study.
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Abstract

As users transition from drivers to passengers in automated vehicles, they often take their
eyes off the road to engage in non-driving activities. In driving simulators, visual motion is
presented with scaled or without physical motion, leading to a mismatch between expected
and perceived motion. Both conditions elicit motion sickness, calling for enhanced vehicle
and simulator motion control strategies. Given the large differences in sickness suscepti-
bility between individuals, effective countermeasures must address this at a personal level.
This paper combines a group-averaged sensory conflict model with an individualised Ac-
cumulation Model (AM) to capture individual differences in motion sickness susceptibility
across various conditions. The feasibility of this framework is verified using three datasets
involving sickening conditions: 1) vehicle experiments with and without outside vision, 2)
corresponding vehicle and driving simulator experiments, and 3) vehicle experiments with
various non-driving-related tasks. All datasets involve passive motion, mirroring experi-
ence in automated vehicles. The preferred model (AM2) can fit individual motion sickness
responses across conditions using only two individualised parameters (gain K; and time
constant T ) instead of the original five, ensuring unique parameters for each participant
and generalisability across conditions. An average improvement factor of 1.7 in fitting indi-
vidual motion sickness responses is achieved with the AM2 model compared to the group-
averaged AMO model. This framework demonstrates robustness by accurately modelling
distinct motion and vision conditions. A Gaussian mixture model of the parameter distribu-
tion across a population is developed, which predicts motion sickness in an unseen dataset
with an average RMSE of 0.47. This model reduces the need for large-scale population
experiments, accelerating research and development.



4.1 INTRODUCTION

Automated vehicles and driving simulators are very different technologies. However, they
both share two common facts. The first is that they have become very popular in recent
years, a trend that is expected to continue in the future. Secondly, they both share a
common issue in motion sickness. Users of automated vehicles will move away from be-
ing drivers to passengers, preferably engaged in other activities such as reading or using
laptops and smartphones. In driving simulators, realistic (unscaled) visual motion is pre-
sented with scaled or even without any physical motion. This causes a mismatch between
expected and perceived motion, eliciting motion sickness (Bos et al., 2020). Even though
these two examples are different and referred to as car and simulator sickness, respectively,
the inherent mechanism that causes motion sickness in both, i.e., sensory-expectancy con-
flict, is the same (Reason, 1978b).

The mechanisms behind the development and evolution of motion sickness have been stud-
ied extensively, relying heavily on models that predict sensory conflicts based on mathe-
matical models of the vestibular and visual sensory systems (Bos and Bles, 1998; Irmak
et al., 2023; Kotian et al., 2024; Liu et al., 2022; Wada et al., 2020). In this paper, these
models are referred to as ‘conflict generation’ models. However, these models generally
predict group-averaged sickness development in terms of the Motion Sickness Incidence
(MSI), which does not directly reflect some crucial dynamics of motion sickness develop-
ment, such as recovery and hypersensitivity (Irmak et al., 2023; Oman, 1990). Furthermore,
such group-averaged models cannot be reliably used for predicting motion sickness at an
individual level.

Conflict Generation

2
Inputs E Visual -
[N Vestibular

. System

Conflict Accumulation

Motion
Feedback Sensor dh
Y K uw” ¥ Sickness
Conflict Tis+1 X
(in MISC)

Fast

Internal .
Model e Ts+1

Slow

Figure 4.1: Framework for combined ‘conflict generation’ using the SVC model (Kotian et al., 2024; Wada et al.,
2020) and ‘conflict accumulation’ (Irmak et al., 2022; Oman, 1990) model to predict individual motion sickness,
i.e., MiIsery SCale (Bos et al., 2010; Reuten et al., 2021)

In this paper, we aim to combine an available group-average ‘conflict generation’ model —
the Subjective Vertical Conflict (SVC) model by Wada et al. (2020) — with an individualised
‘conflict accumulation” model (AM) as also used by Irmak et al. (2020) to improve the abil-
ity to capture the differences in individual motion sickness susceptibility. This also requires
the use of an individual motion sickness metric, such as the Mlsery Scale (Bos et al., 2010;



Reuten et al., 2021), instead of a group-averaged metric like Motion Sickness Incidence
(MSI). The proposed modelling framework is shown in figure 4.1. The conflict accumula-
tion part is a modified form of the model by Oman (1990). The accumulation model is
nonlinear and has conflict in m/s” as input, and the output is unitless in MISC (defined in
Appendix C.6). This complicates the definition of units for the gains due to the multiplica-
tion and the power term. For conflicts generated by motion accelerations in one degree-of-
freedom, the personalisation of sickness accumulation parameters has already been shown
to improve modelling accuracy by a factor of 2 compared to using group-averaged param-
eters (Irmak et al., 2020). Our work extends this approach to full 6 degrees-of-freedom
motion perceived from visual and vestibular inputs, which requires a ‘conflict generation’
model to account for realistic sensory conflict predictions, as in figure 4.1. Further details
regarding this model structure will be provided in section 4.2.

The goal of the paper is to demonstrate the feasibility of this combined motion sickness
model approach —i.e., combining a group-average ‘conflict generation’ and a personalised
‘conflict accumulation’ model — for capturing individual differences in motion sickness sus-
ceptibility. While evidence exists of individual differences in ‘conflict generation” model
parameters as well (Irmak et al., 2021), quantifying these would require individual percep-
tion experimental data, which was not readily available (an exception is Irmak et al. (2021)).
Furthermore, we aim to find a ‘minimum effective’ implementation of such a personalised
motion sickness model by directly comparing different parameterisations of the ‘accumula-
tion model’. For this, extending our own preliminary work in Kotian et al. (2023), this paper
makes use of four existing datasets, see table 4.1, where MISC was measured under sick-
ening motion stimuli in 1) an experimental vehicle with and without out-of-the-window vi-
sion Irmak et al. (2020), 2) vehicle experiments and matched driving simulator experiments
(Talsma et al., 2023), 3) vehicle experiments with various non-driving related tasks (NDRTs)
(Metzulat et al., 2024), and 4) on road vehicle experiments and sickness recreation exper-
iments on a smaller track (Harmankaya et al., 2024). All datasets involve passive motion,
representative of being driven by an automated vehicle, and test two or three different con-
ditions with the same participants. Inoue et al. (2024) also report on a similar approach as
used by Kotian et al. (2023), where only the pre- and post-scaling of the ‘conflict accumula-
tion” model was varied between different participants. The resulting individualised models
were validated using a 1 degree-of-freedom motion stimulus experiment with variation in
head movement (Inoue et al., 2024). Our current work performs extended validation with a
full 6 degrees-of-freedom motion and with variations in visual and vestibular inputs in real
driving scenarios, which requires a ‘conflict generation’ model to account for realistic sen-
sory conflict predictions. Furthermore, we perform an explicit optimization of the required
number of parameters for personalizing the ‘conflict accumulation” model, including the
model’s gains and time constants instead of a simple pre- and post-scaling.

This paper presents a direct comparison of fitting the proposed combined motion sickness
model for all individual participants in the first three datasets listed in table 4.1. For ev-
ery participant, parameters are always estimated across the different conditions tested in
each dataset to ensure a ‘minimum effective’ and generalisable result. Additionally, using
the individual-specific variations in the parameter values estimated from these datasets, a
probabilistic Gaussian mixture model is used to capture the observed statistical variations.



The capacity of this statistical modelling approach for predicting individual variations in
motion sickness across a population is verified by predicting the final Sickness Recreation
dataset, see table 4.1.

Table 4.1: Experimental datasets used in this study

Datasets Details ‘ Reference ‘ No. of Participants

Slalom Drive SIaIgm W.I[h Internal and External vision o Irmak et al. (2020) 16
Motion sickness responses for hypersensitivity

Naturalistic drive in vehicle and moving base simulator

Car and Simulator L Talsma et al. (2023) 24
Only External vision

NDRT Drive Naturallsh.c‘dnvmg data with varying NDRTs Metzulat et al. (2024) 2
Internal Vision

Sickness Recreation Naturalistic driving data on road recreated on a smaller track Harmankaya et al. (2024) 47

Internal Vision

By achieving these goals, this paper will show that our proposed modelling framework can
be used for personalised motion sickness modelling for automated vehicles. The obtained
model predictions can be used to optimise the comfort levels of individual automated ve-
hicle users by adapting its driving style, i.e., by limiting the acceleration and rotations of
the car they may be especially sensitive to. Furthermore, the derived statistical model can
directly improve and accelerate the design and testing of new driving simulator motion
cueing algorithms that aim to minimise simulator sickness, as in (Baumann et al., 2021;
Hogerbrug et al., 2020; Jain et al., 2023a).

4.2 METHODS

Experimental Datasets

For the analysis in this paper, we make use of four different published datasets, see ta-
ble 4.1. All datasets include measured sickness responses to passive road vehicle motion,
representative of being driven by an automated vehicle. In these datasets, individual mo-
tion sickness levels were reported using the MISC scale as a function of time, and all showed
major individual differences in sickness susceptibility.

First, the real-world ‘Slalom Drive’ dataset includes varying vision conditions, i.e., with and
without an outside view, where mean MISC levels at the end of motion exposure were
5.3 (severe symptoms) with an outside view and 3.3 (some symptoms) without an outside
view (Experiment 1 in (Irmak et al., 2020)), see figure 4.2. The experiment was terminated
when a MISC value of 6 was reached. This experiment compared the motion sickness de-
velopment with and without an outside view from the car. This dataset is ideal for proving
that our new model framework can predict individual motion sickness for various vision
conditions in real vehicles.

The ‘Car and Simulator’ dataset (24 participants) contains motion sickness responses from
real-world driving and its (matched) simulation on a moving-base driving simulator (Talsma
etal., 2023). For this experiment, the mean MISC levels at the end of motion exposure were



around 5.5 (severe symptoms) in the car and 1.5 (slight discomfort or vague symptoms) in
the simulator, see figure 4.3. The experiment was terminated when a MISC value of 6 was
reached.

The ‘NDRT Drive’ experiment was performed by 20 participants and focused on a real-world
sickening drive around a fixed track with three different non-driving related tasks (NDRTs):
visual dynamic, visual static and auditory. The mean MISC levels at the end of each condi-
tion were around 4.5 (medium symptoms) for the auditory, 5 (severe symptoms) for the
visual static, and 6.5 (some nausea) for the visual dynamic condition, see figure 4.4. This
experiment was terminated when a MISC value of 7 was reached. However, several partic-
ipants still showed a rapid increase to a MISC of 8 before or just after the experiment was
actually stopped.

The ‘Sickness Recreation’ experiment tested a method to efficiently replicate the on-road
motion sickness of 47 participants on a smaller track. The mean MISC levels at the end of
both drives were around 2 (vague symptoms) figure 4.14.

In this paper, the ‘Slalom Drive’, ‘Car and Simulator’ and ‘NDRT Drive’ datasets are used
to demonstrate the capability of the individual modelling framework to generalise across
different visual/vestibular input cases, whether these originate from a car or a simulator.
Furthermore, the first three datasets are used to study the number of parameters needed
to accurately model motion sickness development in different participants, while the ‘Sick-
ness Recreation’ dataset is used for validation of the statistical model over a new popula-
tion.

Model Framework: Inputs and Outputs

The structure of the model framework has been introduced in section 4.1. As shown in
figure 4.1, inertial vehicle or simulator motion inputs — such as acceleration and angular
velocity — as well as vision inputs — such as visual verticality (orientation) and visual ro-
tation (rotational velocity) — are defined as the inputs of the ‘conflict generation’ model,
consistent with the SVC model by Wada et al. (2020) and Liu et al. (2022). For our analysis,
we applied the full 6 degrees-of-freedom motion (3 translations and 3 rotations) as model
inputs, using the recorded seat motion for the drives in the car for the ‘Car and Simulator’,
‘NDRT Drive’ and ‘Sickness Recreation’ dataset and recorded platform motion for the sim-
ulator in the ‘Car and Simulator’ dataset, and recorded head motion for the ‘Slalom Drive’
dataset. Example input data for all datasets is shown in Appendix C.1.

The human eye estimates motion through vision by measuring the rotation of visual cues
between the current and previous states, a process known as optic flow. We assume the
visually perceived rotations to be equivalent to head (or vehicle, as in the case of the Car
and Simulator dataset) rotations when observing the external environment. Consistent
with Kotian et al. (2024), for internal vision, we select a zero visual input, assuming no
visual head motion relative to the vehicle.

The output of the model is chosen to be the score on the Misery SCale (MISC) by Bos et al.
(2010); Reuten et al. (2021), which quantifies the progression of sickness-related symptoms
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Figure 4.2: Slalom Drive dataset (Irmak et al., 2020) group-averaged MISC levels versus time in the conditions of
external (blue) and internal vision (red) with the shaded region showing the 25th to 75th percentiles
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Figure 4.3: Car and Simulator dataset (Talsma et al., 2023) group-averaged MISC levels versus time in the car (blue)
and simulator (red) with the shaded region showing the 25th to 75th percentiles
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Figure 4.4: NDRT Drive dataset (Metzulat et al., 2024) group-averaged MISC levels versus time in the three dif-
ferent tasks - auditory (blue), visual static (red) and visual dynamic (yellow) with the shaded region showing the
25th to 75th percentiles

and has a positive relation to discomfort (De Winkel et al., 2022; Reuten et al., 2020). The
MISC is an 11-point symptom-based scale that measures in discrete symptoms running
from 0 to 10, where 0 means no symptoms and 10 stands for emesis (vomiting). In contrast
to the discrete MISC scale, the sickness model predicts on a continuous scale. For model
fitting, these continuous model predictions are compared with experimentally reported



discrete MISC scores.

Model Framework: Model Structures

As previously discussed, we combine two models in our proposed model framework. The
first component of the model is the ‘conflict generation’ model (see figure 4.1, left), which
models the integration of 6 degrees-of-freedom sensory inputs and generates a 1 degrees-
of-freedom (scalar) sensory conflict signal. For our application, this model shall be reliable
in forecasting conflict signals, especially for 6 degrees-of-freedom (automated) road vehicle
motion. Additionally, the model must include explicit visual inputs so that the effects of
different vision conditions can be predicted. To select an appropriate model, we refer to
our previous study (Kotian et al., 2024), where different ‘conflict generation’ models and
implementations of vision inputs were directly compared.
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Figure 4.5: The selected ‘conflict generation’ model, which is the SVC model as in (Kotian et al., 2024) based on
the model by Wada et al. (2020)

Based on (Kotian et al., 2024), we select the Subjective Vertical Conflict (SVC) model with
only a visual rotational velocity input as proposed in (Wada et al., 2020) for predicting a sub-
jective vertical conflict (a 3-dimensional vector) that drives motion sickness, see figure 4.5.
This model has been shown to accurately replicate the frequency and amplitude dynamics
of motion sickness as reported in numerous previous studies (Golding and Markey, 1996;
Griffin and Mills, 2002b; Howarth and Griffin, 2003; Irmak et al., 2021, 2022; McCauley
et al.,, 1976). Kotian et al. (2024) show that the visual vertical input that has also been pro-
posed by Liu et al. (2022) is not effective for predicting sickness and hence is not used in
the current study. The parameters used for the ‘conflict generation’ model in this paper
are directly taken from earlier publications on the SVC model (Liu et al., 2022; Wada et al.,
2020) and listed in table 4.2.

The second part of the model is the ‘conflict accumulation” model, which accumulates (inte-
grates) the sensory conflict predicted by the first part of the model framework to estimate
the build-up of motion sickness over time. The Euclidean norm of the sensory conflict out-
put by the ‘conflict generation’ model is used as the input to the ‘conflict accumulation’



model. Usually, the conflict is integrated using a Hill function combined with a leaky in-
tegrator to output a group-level sickness metric such as Motion Sickness Incidence (MSl),
which quantifies the percentage of the population that becomes motion sick (Liu et al.,
2022; Wada et al., 2020). However, this integration is insufficient to capture the unique
dynamics of motion sickness, including hypersensitivity, which is the faster than normal
increase of motion sickness after already being subjected to motion sickness before. Thus,
we adopt the more advanced model by Oman (1990), which is a five-parameter nonlinear
model that integrates the conflict (see the right part in figure 4.1), with fast and slow path-
ways combined with leakage. The fast path has a low time constant (7}) and models the
direct response to a sickening stimulus. The slow path has a high time constant (T5) and
captures the slower secondary effects of sickening stimuli, such as recovery and hypersen-
sitivity. This is also relevant in simulators where a sudden increase in motion incongruence
can make participants hypersensitive. This has been observed by Cleij et al. (2017); Kolff
et al. (2022), where it was shown that motion tends to be momentarily bad but not contin-
uously. Both pathways have a gain (K| and K;) to control their contribution. Additionally,
there is a power law (p) at the model’s output to account for nonlinear scaling effects.

Table 4.2: SVC model parameters

Parameter Parameter Value Exolanation
Class Symbol P
Anhc1pahon Ka 0 Fully passive motion with no anticipation assumed
Gains K, 0
3 Kac 1
Vestlbular. K, 5 as in Wada et al. (2020)
Feedback Gains ve
K,. 10
Visual Kopis 0 VV gain set to zero
Feedback Gains K,uis 10 VR gain as in Wada et al. (2020)
Perception Time zls) > asin Liu et al. (2022)
Constants Teee (S) 7

Accumulation Model: Parameter Reduction

In addition to studying the accuracy of the Accumulation Model (AM) with all 5 model pa-
rameters (T}, T,, K;, K,, p) fitted individually, we consider reduced parameter variations
of the AM model to optimise for a ‘minimum effective’ number of individually fitted param-
eters. Such model reduction is important to enhance the generalisability, efficiency, and
interpretability of the proposed personalised accumulation model. For example, in many
cases, a reduced number of model parameters improves model generalisability due to a
reduced risk of over-fitting. Furthermore, a reduced number of tunable parameters simpli-
fies adjusting the model to different individuals’ sickness characteristics and may facilitate
a more computationally efficient implementation.



As the main basis for model parameter reduction, in this paper, median measured values
and empirical relations between different parameters reported in previous studies are used,

e.g.

T, =60s (Oman, 1990)

T, =TT, (Irmak et al., 2020)
e K;: median value reported for each dataset:

— K, =2 for Slalom Drive dataset
— K, = 18 for Car and Simulator dataset
— K; =9 for NDRT Drive dataset

e K, =5K; (Oman, 1990)
e p=0.4 (Irmak et al., 2022)

The K| values were obtained from the median values estimated with the AM5 model (see
table 4.3 for details of the AM5 model) on each dataset. It should be noted that the as-
sumed K values are different for each dataset as the motion inputs in each dataset were
different. In the ‘Slalom Drive’, head motion was recorded, but in the ‘Car and Simulator’
and ‘NDRT Drive’, only vehicle motion was recorded. Hence, a difference in the magni-
tude of especially the rotations between datasets exists, which explains the difference in
estimated K gains. This is shown in Appendix C.1 where the ‘Car and Simulator’ dataset
clearly has the smallest magnitudes of angular velocities. This could also be partly due to
the difference in average motion sickness susceptibility of the participants in each experi-
ment; the ‘NDRT Drive’ dataset (with K| =9) could have less motion sickness susceptible
participants than the ‘Car and Simulator’ dataset (with K; = 18) due to the lower observed
median K; values.

We use combinations of these assumptions to obtain reduced implementations of the AM
compared to its original definition, i.e., AM5 (Oman, 1990). Table 4.3 summarises the differ-
ent cases of the accumulation model, indicating which parameters are estimated (marked
with a v/) and which parameters are set based on one of the above assumptions. AMO is
the model with only group-averaged parameters. The a and b versions of AM1 and AM4
are models with same numbers of parameters (1 for AM1 and 4 for AM4), but with different
subsets of parameters being assumed/estimated.

Accumulation Model: Parameter Estimation

To effectively capture individual differences in motion sickness susceptibility with the ‘con-
flict accumulation”’ model, we choose to model the different conditions tested by the same
individual in each experiment together, i.e., using a single set of parameters for each indi-
vidual. This approach enhances generalisability and enables the model to predict motion
sickness across a wider range of conditions. This assumes that people respond exactly the
same way to conflicts even in very different settings (e.g., internal vs external vision).



Table 4.3: Reduced parameter versions of the ‘conflict accumulation’ model (AM). Check marks indicate the free
model parameters estimated for each individual.

Model Number of free Estimated/fixed parameters
parameters K Ky, Ti(s) T,(s) p
AM5 5 v v v v v
AM4a 4 v 5K, v v v
AM4b 4 v v v T,/
AM3 3 v 5K, v 7T, v
AM2 2 v 5K, v 7T, 0.4
AM1la 1 2/18/9 5K, 60 v 0.4
AM1b 1 2/18/9 V/ 60 7T, 0.4
AMO 0 2/18/9 5K, 60 7T, 0.4

To fit the model parameters, a constrained optimisation problem is defined and solved in
MATLAB with the fmincon solver using the sqp algorithm. Furthermore, multistart was used
to simultaneously find 16 local minima and then select the overall optimum. This enhances
the probability of finding the global minimum of the optimisation problem. The Root-Mean-
Square Error (RMSE) between the measured and predicted MISC responses, as a function
of the parameter vector x = (T,7,, K|, K2,p)T, is defined as the cost function for model
fitting for each individual. When fitting multiple conditions simultaneously, this means that
the cost function is the sum of RMSE values for all n, conditions within each dataset for each
individual. The optimisation problem is mathematically defined in equation (4.1), where
RMS stands for ‘Root Mean Square’.

nL’
& =arg min )" RMS [MISC,y5, ; = MISC,,.0y ()] (4.1)

X i=1

After these models are fitted and their corresponding errors are calculated, we try to se-
lect the best model which balances accuracy with loss of generalisability and overfitting.
To show this statistically, we used various model selection criteria, such as the Akaike infor-
mation criterion (AIC) by Akaike (1998) and Bayesian information criterion (BIC) by Schwarz
(1978), which take into account the tradeoff between the goodness of fit and the simplicity
of the model. In other words, these criteria balance the risk of overfitting and underfitting.
A simpler model also means that the simulations will be computationally fast. The model
criteria we used are the AIC and BIC, which are defined as,

AIC =2k+nIn(RSS/n) (4.2)

BIC =kIn(n)+nIn(RSS/n) (4.3)

where, k is the number of parameters, n is the sample size and RS.S is the Residual Sum
of Square. The model with the lowest score is selected as optimal. The number of parame-
ters (k) and the sample size, which is equal to the number of participants (), are shown in
table 4.4. The RS'S of each model is calculated by summing the RS'S for the fits of each



participant and each condition. In the model fittings, RMSE was used as a cost function.
RMSE is proportional to RS.S. RMSE is the square root of the average RS'S per observa-
tion. Thus, the cost function used in the model fitting, RMSE, directly relates to RSS, and
the model fitting algorithm would also minimise the model criteria such as the AIC and BIC.

However, in applying the AIC and BIC to our problem, the penalty on the number of param-
eters in both criteria — defined as 2k or kIn(n) in equations (4.2) and (4.3), respectively —
was found to be insufficient. This insufficiency resulted in the selection of the model with
the least error by the criteria. To solve this problem, we followed Drop et al. (2018) where
a similar situation was observed. Here, they increased the gain on the term of k to increase
the penalty. We did the same, and the modified BIC is defined as follows,

mBIC = ¢ kIn(n)+nIn(RSS/n) (4.4)

where c is the model complexity (number of parameters) penalty parameter, which is to
be tuned to avoid false positives while maintaining sensitivity to small yet important contri-
butions. To do this, we calculated mBIC values with ¢ varying from 1 to 5. We then choose
the value of ¢ to not select AMO, which is a group-averaged model, or AM5, which is the
model with the most number of parameters estimated. With the chosen value of ¢, we
find the model with the least mBIC value. This model will be the best the tradeoff between
the goodness of fit and the simplicity of the model.

Probabilistic Parameter Distribution Model

To facilitate offline prediction of individual variations in motion sickness development with
the proposed model, a statistical model that describes the distribution of the parameters
across participants is needed. To estimate such a predictive probabilistic model from our
considered datasets, first, the estimated parameter sets for the best model (as per the con-
ditions outlined in section 4.2) are clustered into three groups using a k-means clustering
algorithm. While attempts were made to use more than three clusters, the results consis-
tently showed three prominent clusters, with any additional clusters being very small and
closely resembling the original three. These three clusters effectively classify the parame-
ter sets into three distinct groups of motion sickness susceptibility: high, medium and low.
Using these clusters, a three-component Gaussian Mixture Model (GMM) —i.e., a weighted
sum of three Gaussian distributions — is used to model the distribution of the parameter
set. This model is given by:

3
PO =Y 7N (x| ;X)) (4.5)
J=1

Where:

- X is the parameter set

- p(x) is the probability density function of the GMM.
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- 7 is the weight of the j-th Gaussian component, satisfying ijl ;= 1.
- N (x|pu;,Z;) is the Gaussian density function, defined as:
Nl 5 ) = — L Tyl 46
(X|llj, j) = WEXP <—§(X—ﬂj) i (X—llj)> (4.6)

In this expression, u; is the mean vector of the j-th Gaussian component, and X; is the
k X k covariance matrix where k is the number of parameters in the model. These are fit
using fitgmdist function in MATLAB with the clustering from the k-means algorithm as the
starting point.

Finally, using the fitted Gaussian mixture model, we sample 1000 random parameter sets
and use them to predict motion sickness (in MISC) on the ‘Sickness Recreation’ dataset (an
unknown dataset to our fitting study). This way, we validate the ability of our model to
predict motion sickness in a new scenario.

4.3 RESULTS

This section presents the results of our analysis focused on the proposed new model frame-
work that combines an average ‘conflict generation’ model with an individualised ‘conflict
accumulation’ model to capture differences in individual motion sickness susceptibility.
In section 4.3.1, the model fitting results for various datasets are presented to show the
performance of the model with varying numbers of parameters. This outcome is used to
demonstrate the effectiveness of our model framework and determine the optimal num-
ber of parameters required for the recreation of motion sickness at the individual level. In
section 4.3.2, the probabilistic model for the observed variation in accumulation model
parameters across individuals is extracted from the data and tested on a new population.

4.3.1 Accumulation Model Performance and Parameter Selec-
tion

First, results are presented for the Slalom Drive dataset by Irmak et al. (2020) demonstrat-
ing the performance of the model with varying vision conditions. This is followed by re-
sults for the Car and Simulator dataset by Talsma et al. (2023) and NDRT Drive by Metzulat
et al. (2024), where the adaptability of the model to real-world driving and driving simu-
lators is shown. Fits of the model framework, with different accumulation models (AM),
to the actual MISC responses with Motion Sickness Incidence (MSI) predictions overlayed
are shown first, followed by a comparison of the models’ RMSE values. It is demonstrated
that the use of our model framework with individualization improves the accuracy of the
simulation of motion sickness compared to the use of MSI. In addition to this, a parameter
study is conducted to find the minimum effective implementation of the model.



Model Performance

Figure 4.6 shows the comparison of the most relevant accumulation models with experi-
mental recorded motion sickness responses (MISC) for a representative selection of partic-
ipants from Irmak et al. (2020)’s experiment for the conditions of internal (left column) and
external vision (right column). The obtained model fits for the rest of the participants are
shown in Appendix C.2. The experimentally reported MISC is shown in black, and MSI pre-
dictions (obtained directly using the model from Wada et al. (2020)) are shown in orange.
The predictions of our proposed combined model are shown for only 3 out of the 8 models
in table 4.3: AMO in dotted grey, AM2 in solid green, and AMS5 in dashed violet. AMS5 is
the original version of the accumulation model, with all five parameters being estimated
individually. AMO represents the model with group-averaged parameters. AM2 provides
the best compromise fit with only two individual parameters. The AMO model and MSI
predictions both use the same parameter settings for all participants. Any difference in
their predictions is thus due to differences in the vehicle motion used as input to these
models. In figure 4.6, we show MSI for its full range of 0-100% and MISC across a range of
0-8. These y-axis limits are chosen solely to make both sets of data values readable from
the graph and enhance their clarity.

Itis evident that our approach of estimating parameters for each individual (in particular for
AM2 and AM5 models) offers improved accuracy in predicting MISC responses compared
to the use of group-averaged parameters (AMO0). The average RMSE reduces from 1.94
(AMO0) to 1.13 (AM2) and 0.74 (AMS5). This proves that using parameters estimated for each
individual (AM2 and AM5) is 40% and 60% more accurate, respectively, than using group-
averaged parameters, as in the AMO model. For example, for P5 and P18 in figure 4.6, it is
clear that AMO greatly underestimates the measured MISC values.

Another important observation is that all accumulation models are able to capture the re-
covery from motion sickness. This recovery occurs when the sickening stimuli are stopped,
and the participant is allowed to rest. This is more evident for P9 and P14 (second and
third row in figure 4.6). Consistent with (Irmak et al., 2020), the MSI prediction (in orange)
cannot capture this reduction in motion sickness.

Furthermore, we tested the models by fitting them on additional datasets such as the Car
and Simulator dataset by Talsma et al. (2023) and the NDRT Drive dataset by Metzulat et al.
(2024). The car and simulator dataset had 24 participants, each experiencing motion with
external vision in a real-world car and in a simulator. The NDRT Drive experiment had
20 participants, each experiencing three different Non-Driving Related Tasks (NDRT). Fig-
ures 4.7 and 4.8 again show the experimental recorded motion sickness responses (MISC)
in black, MSI predictions in orange, and fitted model predictions in green, violet, and grey
for 4 out of the 24 participants for both cases. It can be seen that even with two parame-
ters, the fits of the AM2 model are very close to the actual MISC responses in both datasets.
The MSI prediction values are very low, especially in the Car and Simulator dataset. This
is due to the low levels of conflict generated in these experiments (0.12 m/s> mean RMS
conflict) compared to other datasets, such as the Slalom Drive, which has 1.15 m/s> mean
RMS conflict. As opposed to the MSI prediction, which is a population-level prediction,
the proposed ‘conflict accumulation’ model is able to account for these combinations of
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Figure 4.6: Motion sickness responses (MISC) in Slalom Drive experiments by Irmak et al. (2020) in black, fitted
AM2 model predictions (MISC) in green, fitted AM5 model predictions (MISC) in dashed violet, fitted AMO model
predictions (MISC) in dotted grey, and MSI predictions from Hill function in orange for 4 participants (participant
label shown on the left) for the conditions of internal (left column) and external (right column) vision.

low levels of conflict and high susceptibility of the participants. The fits for the rest of the
participants are available in Appendix C.2.

Model Parameter Selection

In the previous section, it was observed that the model with two estimated parameters
(AM2) per individual captures the individual responses almost as well as the model for
which all five parameters are estimated individually (AM5). To show this quantitatively, we
evaluated the need for each of the parameters by comparing all eight models in table 4.3.
From figure 4.93, it is clear that reducing the number of parameters below two leads to a
36% increase in RMSE (from 1.2 to 1.6 in internal vision case and from 1.0 to 1.4 in external
vision case when comparing AM2 to AM1a model) in the Slalom drive dataset. Hence, any
model with two or more parameters is sufficiently accurate (with RMSE around 1 MISC) to
capture individual motion sickness development. We also compared the individual models
with a group-averaged version of the accumulation model (AMO0), where the parameters
are the same for all participants in the dataset. It is observed that AMO has, on average, 1.7
times higher RMSE as compared to the AM2 model (for example, from 1.22 to 2.25 in the
internal and from 1.04 to 1.63 in the external vision case of the slalom drive dataset). Over-
all, figure 4.9a again shows the improvement obtained with individual model fits compared
to using group-averaged parameters.

Furthermore, to demonstrate that the optimal number of accumulation model parameters
for our model framework is 2, the previous test was repeated with the Car and Simulator
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Figure 4.7: Motion sickness responses (MISC) in Car and Simulator experiments by Talsma et al. (2023) in black,
fitted AM2 model predictions (MISC) in green, fitted AM5 model predictions (MISC) in dashed violet, fitted AMO
model predictions (MISC) in dotted grey, and MSI predictions from Hill function in orange for 4 participants (par-
ticipant label shown on the left) for the case in the car (left column) and the simulator (right column).

dataset as shown in Figure 4.9b, where a similar trend is seen with AM2 model offering a
good balance between performance and efficiency. When comparing the individual models
with a group-averaged version of the accumulation model, it is observed that the group-
averaged model, AMO, has 1.64 times more RMSE as compared to the AM2 model (from
1.03 to 1.96 in the internal and from 1.06 to 1.47 in the external vision case). This increase
is equivalent to that found for the Slalom Drive dataset (1.7 times increase). This trend
was also seen in the NDRT Drive dataset, where the AM2 model offers the best balance
between performance and efficiency (see figure 4.9c).

Itis clear from the results in figure 4.9 that this model framework is able to capture multiple
conditions with 2 individually estimated parameters. Overall, the accuracy is better (by
around 60% in RMSE) than using a group-averaged model. This is applicable for various
vision conditions, as well as different motions from real cars to simulators.

The variation of the mBIC with ¢ is plotted in figure 4.10. As discussed in section 4.2, the
selection of the AMO and AM5 model must be avoided. AMO model has zero estimated
parameters and acts only as an average model. Choosing AMO would oversimplify and
lose generalisability. Similarly, the AM5 model has five estimated parameters, which may
cause overfitting even if it fits the data well. When ¢ values are 1 and 3, The risk of choosing
AMS5 and AMO is high when ¢ values are 1 and 3, as these models become more favourable
than 50% of other models based on the mBIC metric. With ¢ values above 3, the model
AMO becomes very favourable, which is also undesirable. In our fittings, starting with 100
random initial points yields more than 15 solutions when fitting models with more than two
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Figure 4.8: Motion sickness responses (MISC) in NDRT Drive experiments by Metzulat et al. (2024) in black, fitted
AM2 model predictions (MISC) in green, fitted AM5 model predictions (MISC) in dashed violet, fitted AMO model
predictions (MISC) in dotted grey, and MSI predictions from Hill function in orange for 4 participants (participant
label shown on the left) for the case in the auditory (left column), visual static (middle column) and the visual
dynamic (right column) task.

parameters (i.e., the AM3, AM4a, AM4b, and AM5 models). In contrast, when using two
or fewer parameters (such as the AM2, AM1a, and AM1b models), we achieve 2 unique
parameter solutions, one of which is selected 95 out of the 100 fittings. Out of these 3
models (AM2, AM1a, and AM1b), the AM2 model demonstrates the highest accuracy with
an RMSE of 1.54 MISC. Therefore, to balance accuracy and model complexity, we select (¢
= 2) and opt for AM2 as the optimal model.

Table 4.4 shows all models with the number of parameters and metrics of their fits - RMSE
and mBIC (with ¢ = 2). While it is evident from the table that AMS5 achieves the lowest
RMSE, the mBIC criterion, which incorporates a penalty for the number of parameters,
selects AM2 as the optimal model. This highlights the effectiveness of mBIC in balancing
model accuracy with parameter simplicity, ensuring a more robust and generalisable model
selection. However, it is important to note that the preferred (c) parameter may vary with
different datasets and applications. Some may prioritize simplicity and opt for a higher
value of ¢ and choose a single-parameter model instead.

4.3.2 Accumulation Model Parameter Distribution

The parameter sets of 44 participants of the Car and Simulator and NDRT Drive datasets
are shown in figure 4.11 for the AM2 model. Vehicle motion is used as input in both of
these datasets. The Slalom drive dataset is omitted here for consistency in parameters due
to the slalom drive using head motion instead of vehicle motion, as is the case for the other

MSI (%) MSI (%) MSI (%)

MSI (%)
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Figure 4.9: Root Mean Squared Error (RMSE) between the predicted MISC from the models and the actual MISC
for the Slalom Drive, Car and Simulator and NDRT Drive datasets. Also shown are the mean (circled), median
(horizontal solid line), and interquartile range (in a coloured rectangle)

Table 4.4: Model selection criterion. Bold numbers show the smallest value in each metric. The total number of
participants is 44 (20 from the ‘Car and Simulator dataset’ and 24 from the ‘NDRT Drive’ dataset) for all accumu-

lation models.

Participants  Parameters mBIC
Model (n) (k) RMSE (c=2)
AMO 44 0 2.06 101.92
AM1la 44 1 1.72 93.49
AM1b 44 1 1.78 96.66
AM?2 44 2 1.54 91.18
AM3 44 3 1.32 98.19
AM4a 44 4 1.32 92.8
AM4b 44 4 1.32 92.82
AMS5 44 5 1.3 99.5
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Figure 4.10: Model selection criterion comparison: mBIC scores with varying value of ¢ for various models

two. In the figure, it can be seen that there are three distinct sets of parameters, which are
found by using the k-means clustering algorithm:

¢ High susceptibility are those with high K and low T}, shown as red dots.
¢ Low susceptibility have the opposite, low K; and high T}, shown as blue dots.

e Medium susceptibility have low K and low T}, shown as medium dots.

The mean value of the parameters is 15.2 for K; and 52.3 seconds for T; see black dot in
figure 4.11. The mean value is located in an area that does not correspond to any individ-
ual’s parameter values. Therefore, using these mean values to represent a group, which
is commonly done, is not correct and does not accurately represent any individual in the
population. With this knowledge, representative parameters can be sampled to test mo-
tion profiles on different motion sickness susceptibilities. Additionally, percentiles can be
defined to see which percentile of subjects do or do not get motion sick.

To obtain the probabilistic model, we have fitted a three-component Gaussian mixture
model with two dimensions (for the two-parameter AM2 model) on the estimated param-
eter values obtained for all 44 individuals, see figure 4.12. The figure 4.12a shows the
probability density function of the Gaussian mixture model. This clearly illustrates the
three clusters of motion sickness susceptibility identified by the model. Additionally, it
highlights the variation in density, indicating that there are more parameter sets associ-
ated with medium and low susceptibility compared to those linked to high susceptibility.
The figure 4.12b, on the other hand, shows the cumulative density function of the Gaussian
mixture model. Each colored line represents different percentiles indicating different sus-
ceptibility to motion sickness. Any parameter selected along a particular line will yield the
same probability of getting motion sickness as any other point on that line. This feature
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Figure 4.11: Parameter distribution (estimated gain (K;) and time constant (7)) for the AM2 model. Parameter
sets are classified into three groups based on the motion sickness susceptibility - high in red, medium in yellow
and low in blue. Black dotted lines show the mean values for K and T;.

is beneficial for evaluating a motion profile at a designated percentile of the population.
Additionally, this representation allows researchers and developers to assess the risk of
motion sickness in different scenarios by simply selecting a percentile that matches their
target audience. By understanding how motion sickness probabilities vary across different
parameters, one can better design experiences or products that minimize discomfort for
users. Overall, this approach aids in creating tailored solutions to enhance user comfort
and experience in motion-related activities. The corresponding parameters for the Gaus-
sian mixture model can be found in Appendix C.3.

(a) Probability density function (PDF) (b) Cumulative density function (CDF)

Figure 4.12: Three component Gaussian mixture model’s probability distribution of the parameter sets (estimated
gain (K;) and time constant (77)) for the AM2 model.

With this probabilistic model, we can sample parameters randomly or based on the prob-
ability of getting sick (from 0 to 1). Here, figure 4.13 shows an example of randomly sam-
pled 1000 parameter sets overlayed on the actual parameters estimated from the other



datasets. The sampled parameters have the same distribution as the actual real estimated
parameter sets.

*  Sampled

40 50 60

Figure 4.13: Sampled parameter sets (red cross) from the probability density function of the parameter distribu-
tion (estimated gain (K;) and time constant (77)) for the AM2 model (black dots).

To show a use case of this probabilistic model, we simulated these 1000 sampled parameter
sets on the completely independent Sickness Recreation dataset with 47 participants, see
Table 4.1. This dataset is collected with the same participants being driven manually in a
semi-urban environment and in automated mode on a test track with the same vehicle.
The median MISC with the 25th and 75th percentile is shown below in figure 4.14. This is
overlayed with the median and 25th/75th percentiles from the 1000 sampled parameter
sets obtained from the probabilistic model. It is observed that the two MISC traces are
highly similar, with an average RMSE of 0.47 (RMSE of 0.65 for ‘On Road’ and 0.29 for ‘On
Track’). However, the model prediction somewhat underestimates the sickness variance.
This can be seen especially at the start, where the experiment data shows some people
jumping to MISC of 1 very quickly, which is not seen in the model predictions.

Overall, these results indicate that we can use the probabilistic model to predict the varia-
tion in expected motion sickness levels for a new population in untested experiments and
scenarios, including those using various motion planning or motion cueing algorithms.
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Figure 4.14: Experimentally reported MISC and predictions of MISC on the ‘Sickness recreation’ dataset (Har-
mankaya et al., 2024) from sampled parameter sets from the probabilistic parameter distribution model (esti-
mated gain (K;) and time constant (7)) for the AM2 model with the shaded region showing the 25th to 75th
percentiles.

4.4 DISCUSSION

Combined Model Framework for Individual Motion Sickness Pre-
dictions

This paper introduces and validates a novel combination of models to create a framework
to predict an individual’s motion sickness level in vehicles and simulators. This model frame-
work combines a group-average ‘conflict generation’ model with an individual ‘conflict ac-
cumulation” model to capture individual susceptibility differences. Furthermore, by using
a ‘conflict generation” model that includes visual inputs, various vision conditions (such as
external, internal, and only vision) can be simulated. This is crucial in simulators where
motion sickness occurs due to a strong influence of visual cues. We hypothesised that
using a ‘conflict accumulation” model with individualised parameters will result in greater
accuracy compared to a model that uses group-averaged parameters. Hence, in this paper,
we assessed the feasibility and accuracy of this new model approach for motion sickness
predictions.

It is clear from the obtained results (see figures 4.6 to 4.9 and table 4.4) that ‘conflict accu-
mulation’ models with individualised parameters enable improved modelling of the motion
sickness responses of individuals as compared to using the group-averaged models, as con-
sidered for AMO. In addition to this, the ‘conflict accumulation’ models we use (AMO-5)
also capture the recovery phase of the experiment (see figures 4.6 to 4.8) and, theoreti-
cally, the hypersensitivity in a following second motion exposure as shown in Irmak et al.
(2022, 2020). This recovery phase takes a few minutes and is not captured by often-used
MSI predictions that typically implement a leaky integrator with a time constant of 12 min.
for conflict accumulation Kamiji et al. (2007); Liu et al. (2022). These results are in line with
the work by Irmak et al. (2020) where individualised fits with the same accumulation model



(AM4a) reduced the prediction error by a factor of 2 in a slalom drive with a frequency of
0.2 Hz and lateral accelerations with a peak amplitude of 0.4 g with eyes closed. The limita-
tion of this previous work was that no ‘conflict generation’ model was considered; instead,
the one-dimensional lateral acceleration conflict was simply used directly as the input to
the accumulation model. Our work extends this by using a 6 degrees-of-freedom ‘conflict
generation’ model to generate the conflict in realistic driving conditions with varying vision
conditions, thereby expanding the coverage to full 6 degrees-of-freedom vehicle motion.
Including an explicit ‘conflict generation model’ allows the model to be used in various
conditions as well, be it variation in vision or motion.

This way, a single set of parameters, estimated using data from all required conditions, can
characterize an individual across various motion and vision conditions. Estimating the pa-
rameters on all available conditions is important as it facilitates a more robust modelling of
how different factors contribute to motion sickness. It prevents overfitting, as the model is
not solely fitted to specific scenarios but is rather modelled by the collection of individual
responses across various contexts. This generalisability is crucial in real-world applications,
where individuals may encounter unfamiliar situations that were not part of the initial train-
ing dataset.

This approach is not limited to the SVC model, which we used as the ‘conflict generation’
model. Any other ‘conflict generation’ model can be used, such as any of the versions
of SVC by Kamiji et al. (2007); Liu et al. (2022); Wada et al. (2020) or the Multi-Sensory
Observer Model by Clark et al. (2019); Newman (2009).

Accumulation Model Parameter Reduction

We investigated reducing the number of estimated individual model parameters. The ‘min-
imum effective’ model (AM2) well-captured sickness in individuals. While models such as
AMS5, AM4a, and AM4b provide better accuracy than the AM2 model, they require more
estimated parameters (5, 4, and 4, respectively). This higher number of individually esti-
mated parameters may cause overfitting and hinder generalisability, leading to non-unique
parameters that reduce model’s reliability. By using the relations and values mentioned in
previous studies, Irmak et al. (2022, 2020); Oman (1990), the number of estimated individ-
ual parameters could be limited to 2, ensuring uniqueness and avoiding overfitting on the
sparse (in conditions) dataset. Overfitting may degrade a real-world performance where
conditions differ from training data. A concise and relevant parameter set enhances the
robustness and generalisability of predictions, ensuring application in untested situations.
This balance between simplicity and effectiveness positions our model as a powerful tool
for predicting motion sickness across diverse situations, improving interventions and user
experiences. Additionally, a significant reduction in computation time is achieved for the
parameter estimation — by a factor of 4 from 48 to 11 seconds for 40 min of simulation —
highlighting the efficiency of the AM2 model. An even larger benefit would be observed
in stochastic modelling, where a 5-parameter model would take exponentially more time.
However, there is no difference when using these models for online prediction of sickness
levels.



Probability Distribution of Individual Parameters

We created a distribution of the parameter sets, which can be used to sample any number
of parameter sets (figure 4.13 and simulate the motion profile to predict the distribution of
motion sickness levels. This has been demonstrated in figure 4.14 where the simulated sick-
ness predictions closely match the experimentally observed median sickness levels. The
difference in the spread of sickness is likely due to the selection of participants with ex-
tremely high or low sickness susceptibility, which is sometimes not correctly reported in
the self-reported Motion Sickness Susceptibility Questionnaire. Additionally, at the start of
the experiments, some of the participants quickly reported a MISC of 1. Our models do not
capture this, but instead, due to the inherent nature of the models, there is a continuous
increase in MISC over time. If this is instead discretised as is reported by the participants,
the sickness predictions match even better, and the spread of MISC is completely inside the
experimentally reported MISC (see Appendix C.4). This proves that we can use this prob-
ability distribution to predict expected motion sickness levels for untested experiments
and scenarios, including those using various motion planning or motion cueing algorithms.
Also, this can also be used as a proxy for Motion Sickness Dose Value (MSDV), which is an
ISO standard (International Organization For Standardization, 1997) and uses weighted root
mean squared acceleration as a measure of motion sickness severity. This has been known
to not accurately capture the dynamic nature of motion sickness, especially the quick re-
covery from sickness, which is not captured by MSDV due to its monotonous nature and
lack of any leakage term (International Organization For Standardization, 1997).

Practical Applications

The probabilistic approach enables the model to predict variations in motion sickness out-
comes across a population, facilitating advanced vehicle motion planning, such as in Li
and Chen (2022), and motion cueing algorithms in driving simulators, such as in Jain et al.
(2023a), and flight simulators, such as in Lewkowicz (2019). Using a model-based control
method, this model framework can be included in the plant model to forecast motion sick-
ness levels. This way, motion sickness levels can be controlled by considering each indi-
vidual’s susceptibility. Vehicle motion in automated vehicles and platform motion and tilt
coordination in simulators can be optimised to minimise their effect in eliciting motion
sickness. Using these models, the motion profiles can be tuned to reduce the dropout of
participants in simulator experiments due to motion sickness.

Moreover, this model framework can also be used during the process of experiment design.
Algorithms can be benchmarked on different thresholds of motion sickness susceptibility.
Offline analyses can be run on a large synthetic sample of a population before real-world
testing on humans. This will greatly speed up the testing process.

Thus, our next steps involve applying this model both in pre-experiment and real-time dur-
ing the experiment.



Challenges and Limitations

We now tuned individual parameters of the accumulation model while keeping the (many)
parameters of the sensory conflict model constant. This assumes that the conflict gener-
ated is the same for all individuals, and the difference in motion sickness development is
purely due to the difference in the accumulation of the conflict. This implies that people
respond exactly the same way to conflicts, even in very different settings (e.g., internal vs
external vision). This assumption is made because the initial stage of conflict generation
primarily involves basic sensory mechanisms all humans share. However, the degree to
which different individuals accumulate and tolerate this conflict can vary widely. This vari-
ation can be influenced by genetic and psychological factors. Previous experiences and con-
ditioning can also influence susceptibility. Additionally, individuals who frequently experi-
ence motion sickness may anticipate symptoms more anxiously, exacerbating the response.
However, this assumption contradicts the observations by Irmak et al. (2021), where they
found a correlation of 0.74 between an individual’s sickness susceptibility and their sub-
jective vertical time constant, which is a parameter in the conflict generation model. This
correlation suggests that the subjective vertical time constant plays a significant role in how
conflicts are generated and perceived, challenging the notion that conflict generation is uni-
form across individuals. Consequently, it is highlighted that there is a need for a model that
incorporates individual differences in both conflict generation and accumulation in order
to more accurately reflect the complex interplay of factors influencing responses to motion
sickness.

A main limitation of the model during individual fitting is that it does not fit participants
who get highly motion sick with internal vision and do not get sick with external vision well
(for example, P14 in figure 4.6 and P2 in figure 4.8). This sharp shift in motion sickness
dynamics cannot be captured by our model framework. This may be due to the inherent
difference in conflict generation, which we assume to be the same in all individuals, or to
our assumption that gains in the SVC model are independent of the visual condition. Also,
in the ‘NDRT Drive’ dataset, there are conditions — ‘Visual Static’ and ‘Visual Dynamic’ —
with internal vision that feature varying levels of visual stimuli. We have chosen to model
these identically due to the unavailability of control over the effect of vision on conflict
generation, as the vision is either represented as 1 or 0. One solution is to model each
condition with a separate set of parameters. Doing this, the RMSE was reduced, on average
by 35%, from 1.54 to 1 MISC, compared to fitting all conditions together. However, this
comes with a significant reduction in predictive accuracy on other conditions by increasing
RMSE by 69% from 1.54 to 2.6 MISC. This means we lose any generalisability in modelling
other conditions and overfit the model to that specific condition. A better solution would
be to estimate at least one additional parameter, one of which could be the vision gain
in the ‘conflict generation’” model or other perception parameters. People not only differ
in motion sickness susceptibility but also in their perception of vision. Each human will
have a different contribution of visual and vestibular signals for their state estimation. By
adjusting the vision gain in the ‘conflict generation’ model, the contribution of vision to the
estimates can be tuned.

Another limitation is that the model is sensitive to the location of the Inertial Measurement



Unit (IMU), i.e., the input of the model needs to be based on either vehicle motion or head
motion for it to predict motion sickness reliably. For the modelling of the distribution of pa-
rameters, the inputs are vehicle motion. This is due to the larger number of datasets avail-
able with vehicle motion measured as compared to datasets with head motion measured.
For example, if we take head motion as input, the estimated gain (K;) is much smaller
than for the datasets which use vehicle motion (see Appendix C.5). Also, the Hill function
accumulation model predicted a reasonable MSI magnitude in the Slalom Drive but highly
underestimated sickness in the Car and Simulator dataset. Ideally, we would like to always
use recorded head motion, which is more representative of the motion experienced by the
vestibular system. If this is not available, we could use biomechanical human/seat models
or linear transfer functions to convert 6 degrees-of-freedom vehicle motion to 6 degrees-
of-freedom head motion (Desai et al., 2023; Happee et al., 2023). This way, even when
head motion is not recorded, a head motion based stochastic sickness generation model
can be used.

4.5 CONCLUSION

This study presents a novel framework for predicting motion sickness (in MISC) accumu-
lation in time by integrating a group-average ‘conflict generation’ model with an individu-
alised’ conflict accumulation’ model. By utilising acceleration and angular rotational data,
the model adjusts parameters specific to each individual’s motion sickness response, as
measured by the Misery Scale (MISC). By simultaneously fitting for various conditions across
different datasets, the model successfully estimates a single set of parameters applicable
to each participant, offering a highly personalised approach to understanding motion sick-
ness dynamics. A reduction of estimated parameters not only simplifies the model but
also minimises the risk of overfitting, ensuring robust application in real-world scenarios.
This framework achieves an average RMSE of 1.54 with just two estimated parameters - a
gain (K;) and a time constant (T;). The integration of the two models demonstrates signif-
icant improvements in predicting motion sickness, achieving better fits by 34% compared
to traditional group-averaged models (1.54 RMSE for AM2 vs 2.06 RMSE for AMO).

Moreover, the modelling of the probabilistic distribution of estimated accumulation param-
eters enables effective sampling of parameter sets, facilitating predictions for untested sce-
narios and improving the adaptability of motion sickness assessments. Such flexibility re-
duces reliance on extensive human testing experiments and accelerates testing processes.

Overall, this research paves the way for more refined and personalised applications in both
driving simulators and real-world automated vehicle contexts, promising improved user
experiences and outcomes.
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Abstract

This paper investigates human pitch motion perception under varying visual and mechan-
ical motion conditions and evaluates whether findings can be captured by the Subjective
Vertical Conflict (SVC) model. Thirty-two participants experienced ramp-like pitch rotation
stimuli at 0.5, 1, 2.5, and 5 degrees per second, and continuously indicated perceived rota-
tion. Motion was applied, rotating the seat and a dot pattern in a head-mounted display,
across four conditions: Only Vision, External Vision (seat rotates, vision locked in space),
Internal Vision (seat rotates, vision locked to seat), and No Vision. Results showed that par-
ticipants underestimated rotation amplitude by around 20% with a response delay of 0.75
seconds, without significant effects of vision across the three conditions involving mechan-
ical pitch motion.

We evaluated the full SVC model with visual verticality (VV) and visual rotation (VR) per-
ception and the SVC-VR model with only visual rotation perception, which was previously
shown to best predict motion sickness. With published parameters, both SVC models gener-
ated highly unrealistic predictions for pitch perception. The SVC-VR model even predicted an
incorrect perceived motion direction in the Only Vision condition. For both SVC models, pa-
rameter tuning significantly improved the fit to the subjective perception data while main-
taining adequate sickness predictions, and incorporating vestibular perception thresholds
further enhanced accuracy. These results demonstrate crucial limitations of current models
and published parameters. Future research should validate model adaptations across di-
verse motion paradigms for motion perception and motion sickness to enhance prediction
accuracy in virtual reality, automated vehicles, and simulator environments.



5.1 INTRODUCTION

The human perception of motion and spatial orientation relies on a complex interaction
of sensory inputs, primarily from the visual and vestibular systems. Visual cues provide
critical information regarding self-motion velocity through optic flow, while also serving as
a reference for spatial orientation through perception of the visual vertical. Even in the ab-
sence of physical motion, visual cues can induce strong illusions of self-motion, known as
vection (Brandt et al., 1973). Vection is also linked to Visually Induced Motion Sickness
(VIMS) (Nooij et al., 2017). This is particularly relevant for automated vehicles and for
virtual reality, where visual information dominates the perception of movement and fre-
quently causes motion sickness. This illusion of self-motion, when people are presented
with moving visuals without mechanical motion, can be easily seen in a planetarium with
immersive 360° projection systems. The moving visuals induce a perception of motion,
thereby affecting orientation and balance. This leads to apparent incongruence between
visual and vestibular motion cues. Similar incongruences emerging in driving simulators are
also associated with motion sickness. However, motion sickness can emerge even when all
motion cues are in perfect agreement (e.g., driving with out of the window view) or with-
out vision. This is associated with sensory-expectancy conflicts—the mismatch between
currently sensed signals and the expected signals derived from the central nervous sys-
tem’s internal models. Such mismatches are believed to be the dominant cause of motion
sickness (Bos and Bles, 1998; Kotian et al., 2024; Wada et al., 2020). The pivotal role of
sensory-expectancy conflicts in this process has been long established (Reason, 1978b) and
was recently directly validated in humans by Allred et al. (2025), who demonstrated that
isolating vestibular conflicts is sufficient to induce motion sickness. Crucially, these vestibu-
lar expectations are derived from a multisensory estimate of the body’s state. Since visual
cues modulate the internal model’s estimate of spatial orientation (and thus the expected
vestibular signal), investigating how visually induced perception of orientation arises is es-
sential for improving models that predict both motion perception and motion sickness.

Ideally, a single model should be capable of accurately capturing and predicting both mo-
tion perception and motion sickness. To evaluate this, we previously validated various
models of motion perception and sickness for a wide range of conditions with different
combinations of the visual inputs being visual rotation velocity (VR) and visual verticality
(VV) (Kotian et al., 2024). In this comparative analysis, it was found that the SVC-VR model
(Subjective Vertical Conflict model with visual rotation velocity (VR) input) by Wada et al.
(2020) provided the best predictions for motion sickness, specifically in conditions involving
visual stimuli. This aligns with the fact that the SVC architecture naturally captures the fre-
quency sensitivity of motion sickness (Irmak et al., 2023), which is a distinct strength of the
model. The SVC model is based on the concept that the central nervous system maintains
an internal model to estimate the subjective vertical, defined as the direction of gravity rel-
ative to the head. This estimate is used to resolve the inherent ambiguity between linear
acceleration and tilt. Motion perception and sickness are thus modeled as consequences
of the conflict between actual sensed signals and the expected signals derived from this
internal estimator. Integrating visual information into this framework is essential. Visual
rotation cues, such as optic flow, provide rotational velocity information that is integrated



to update the internal orientation estimate. Furthermore, visual verticality cues, such as
the horizon, serve as a primary reference for spatial orientation and strongly influence
the internal estimate of gravity. Consequently, visually induced rotation or shifts in the
subjective vertical can directly alter the interpretation of vestibular signals, leading to illu-
sory perceptions of body tilt or self-motion. More details on this implementation of the
SVC model are provided in section 5.3.2. While alternative architectures exist such as the
Multisensory Observer Model (MSOM) (Allred and Clark, 2024; Clark et al., 2019; Newman,
2009) which represents a popular choice and is widely regarded as a leading framework for
simulating motion perception. However, while such architectures show promise and are
undergoing further development, they currently face challenges in predicting visually in-
duced sickness with the same accuracy as SVC-VR, as demonstrated by Kotian et al. (2025).
Furthermore, the SVC architecture naturally captures the frequency sensitivity of motion
sickness (Irmak et al., 2023), whereas the MSOM requires additional weighting filters to
match human frequency sensitivity data (Allred and Clark, 2024). We acknowledge that
the SVC model relies on verticality conflicts and thus does not inherently predict sickness
in Earth-parallel (yaw) rotation, where the gravity vector remains constant relative to the
head (Nooij et al., 2017). However, just as Allred and Clark (2024) illustrated that sensory
integration models can be adapted to include multiple conflict terms (e.g., yaw velocity),
the SVC model could theoretically be extended to capture these effects as well. For the cur-
rent study, however, we focus on the SVC model to determine if its predictive capabilities
for pitch perception can be reconciled with its success in predicting motion sickness.

As shown in Kotian et al. (2024) the SVC-VR model accurately matched measured percep-
tion responses in several well-known motion perception paradigms. However, testing the
SVC-VR model for motion perception, we also found a counterintuitive result. When ex-
posed to visual (pitch or roll) rotation without mechanical motion, the SVC-VR model coun-
terintuitively predicts perceived motion that is of opposite sigh compared to the applied
input, see figure 5.1, based on (Kotian et al., 2024). As also shown in this figure, the com-
plete SVC model including a visual verticality (VV) input (SVC-VR+VV) does predict the ex-
pected direction of perceived motion. No existing literature directly confirms or disputes
these predictions. However, the opposite perception of the SVC-VR model contradicts a
well-known phenomenon usually experienced in dome cinemas and virtual realities, as dis-
cussed before. This counterintuitive finding was not reported or analyzed in (Kotian et al.,
2024), but is addressed in the current paper. While many studies examine pitch percep-
tion in somatogravic illusions (Correia Gracio et al., 2013), centrifuge experiments (Merfeld
etal., 2001), or rotational motion sickness (Joseph and Griffin, 2008; McCauley et al., 1976),
the effect of vision in such contexts remains underexplored and poorly understood. Thus,
our goal is to investigate how visual cues affect pitch perception and to evaluate how well
current motion perception models, like the SVC, can predict the measured variation in hu-
man perception responses across different vision conditions.

We address this main goal in multiple stages. First, we conduct a fundamental pitch mo-
tion perception experiment where participants are subjected to pitch rotations with vari-
ous maximum rotational rates and different vision conditions implemented using a head-
mounted display (HMD). To measure the perceived pitch rotation, participants continu-
ously report their perceived pitch using a joystick. This allows us to capture both the magni-
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Figure 5.1: Perceived motion predicted by the SVC model in response to a visual pitch motion relative to the head
without any mechanical motion; simulation results based on (Kotian et al., 2024). The complete SVC model (SVC-
VV+VR) and the SVC-VV model overestimate the actual pitch, but the direction of the perception is as expected:
forward rotation of the visual field results in a perception of rearward rotation. However, the SVC-VR model
predicts an counterintuitive perception of forward rotation. Here, the complete SVC model includes perception
of visual verticality (VV) and visual rotation velocity (VR), where the other SVC variants include only VR or VV
perception.

tude and timing of pitch perception variations. Next, we compare the observed responses
with predictions made by the SVC model. Finally, we demonstrate that both the SVC-VR
and the SVC-VR+VV models can accurately fit the actual human response with adapted pa-
rameter values. In Kotian et al. (2024), we demonstrated that the Multi-Sensory Observer
Model (MSOM) (Clark et al., 2019; Newman, 2009) best matched perception experiments,
whereas the SVC-VR model best matched motion sickness experiments. In Appendix D.5,
we show that the MSOM also quite well matches the new perception data presented in
this paper.

5.2 METHODS

5.2.1 Experimental Design and Participants

Participants were exposed to passive pitch motion on a motion platform where visual mo-
tion was presented using a head-mounted display (HMD) (figure 5.5). We selected a ramp-
based pitch attitude motion stimulus, as in figure 5.1, to assess static perception of pitch
attitude, and varied the maximum rotation rate (ramp steepness) to assess perception dy-
namics. A within-subjects experiment was conducted with thirty-two participants (N=32),
where each participant experienced all 32 experimental conditions. These conditions were
defined by combining four vision conditions (section 5.2.3) and four rotational rate set-
tings to cover a broad frequency range (section 5.2.4). Furthermore, both positive and
negative pitch stimulus directions (forward/rearward) were tested to assess direction bias.
Each of the 32 conditions was tested twice per participant. The order of condition testing
was counter-balanced using a Latin square, ensuring that each participant had a unique
sequence of experimental conditions.



5.2.2 Participants

Thirty-two healthy students with self-reported normal vestibular function voluntarily par-
ticipated in the experiment. The group included 8 females and 24 males, with a mean age
of 25.9 years (SD = 4.3 years). No formal vestibular function tests were conducted.

5.2.3 Vision conditions

We tested four vision conditions, all using the head-mounted device (HMD), to assess the
effects of visual and mechanical pitch motion:

e Only Vision: Participants viewed a rotating dot pattern through the HMD (see fig-
ure 5.5c¢) to create a sensation of pitching forward/rearward in the absence of physi-
cal motion. A 1-degree mechanical pitch rotation was also applied to prevent partic-
ipants from detecting the simulator’s lack of vibrations in this condition. A 1-degree
pitch was chosen so that the maximum angular velocity, in any case, is well be-
low the rotational velocity perception threshold of 3.6 degrees per second (Houck
et al., 2005; Reid and Nahon, 1985). This 1-degree platform pitch was directed op-
posite to the 5-degree visual motion. However, the 1-degree pitch tilt is at the limit
of the threshold for specific force perception (Houck et al., 2005; Reid and Nahon,
1985). We acknowledge that vestibular thresholds are frequency-dependent (Lim
etal., 2017). Although the angular velocity was sub-threshold, the specific force (tilt)
cues were likely near the threshold of detectability. We hypothesize that participants
would not perceive the small, 1-degree physical pitch tilt and would perceive pitch in
the direction opposite to the visuals. Thus, the counterintuitive SVC-VR model pre-
diction from figure 5.1 would not be observed in the measured perceived rotation.

e External Vision (Seat rotates, vision locked in space): To replicate a natural combi-
nation of visual and vestibular motion, the visual scene was kept Earth-Stationary
(inertially fixed). This was achieved by moving the dot pattern relative to the head
with a magnitude equal to the seat rotation, but in the opposite direction (veridical
magnitude). Consequently, the visual motion was congruent with the vestibular mo-
tion. The hypothesis is that participants would achieve the most accurate perception
of self-motion because the visual and physical motions are congruent, as in a natural
setting.

e Internal Vision (Seat rotates, vision does not rotate relative to the head): Participants
viewed a dot pattern where the dots did not move relative to their head within the
HMD, while the seat rotates, leading to conflicting visual and vestibular stimuli. This
mimics being in a moving vehicle without out-of-the-window view. We hypothesize
that there would be a lower perceived pitch rotation due to the fixed visual input,
leading to an underestimation of the actual mechanical motion.

e No Vision: Participants wore the HMD, but the display was blank, and their eyes were
open while the seat physically rotated. The hypothesis is that perception would be



less accurate than in the ‘External vision’ condition because of the absence of any
visual information to support and complement physical motion cues.

5.2.4 Stimuli

Each trial was composed of a randomised sequence of the 32 experimental conditions, with
a 20-second rest period in between. To prevent participants from anticipating the stimulus
dynamics or direction (predictability confounds), the order of the 32 conditions was ran-
domized and counter-balanced. While the peak amplitude was constant, the variation in
rotational rates (and thus motion duration) and directions ensured that the specific mo-
tion profile remained unpredictable. Each experimental condition applied a ramp signal,
smoothed using a half-sine wave, to reach a pitch orientation of 5 degrees with respect
to vertical. A fixed peak amplitude of 5 degrees was chosen to ensure the stimulus re-
mained above perception thresholds while minimizing the contribution of somatosensory
cues (e.g., pressure distribution on the seat and backrest), which become dominant indica-
tors of orientation at larger tilt angles. This was followed by a 5-second hold at a pitch of 5
degrees, and another smoothened ramp returning to zero-degree pitch. For the ramp sig-
nal, we chose four different ramp durations—1, 2, 5, and 10 seconds — which correspond to
frequencies of 0.5, 0.25, 0.1, and 0.05 Hz for the half-cosine wave and mean rotational rates
of 5, 2.5, 1, and 0.5 degree/s (peak rotational rates of 7.85, 3.93, 1.57, and 0.79 degree/s).
The frequencies were chosen to cover the relevant range for motion sickness causation,
which has a peak sensitivity around 0.16 Hz (McCauley et al., 1976). A zoomed-in version
of the ‘No Vision’ condition with the four different rotation rates is shown in figure 5.2. An
example sequence of multiple conditions is shown in figure 5.4.

5.2.5 Measurement

The perceived direction of gravity (perceived rotation angle) by the participant was contin-
uously measured (50 Hz sampling rate) using the custom measurement device shown in
figure 5.3. The device utilizes a contactless magnetic rotary position sensor (AS5600) with
12-bit resolution (~ 0.088°). This high precision ensures that the measurement resolution
significantly exceeds the human motor variability and perceptual resolution required for
the 5 degree range. Participants were instructed to continuously indicate the direction of
verticality with this device. In the context of this experiment, the perceived pitch angle is
defined as the deviation of the participant’s body axis from this reported vertical. It is im-
portant to note that this measure reflects the body’s orientation relative to the perceived
direction of gravity (Subjective Vertical) rather than the true Earth-vertical. We selected this
continuous indication task over direct magnitude estimation (e.g., verbal reporting of pitch
angle) because it enables the recording of high-frequency temporal dynamics in perception
throughout the motion profile, which is difficult to achieve with discrete estimation meth-
ods. Thus, this single continuous measure captures the time-varying evolution of perceived
pitch orientation, reflecting the integration of both motion cues (dynamic change) and ver-
ticality cues (static tilt). An example of a raw measurement of the perceived pitch rotation
obtained with this device is shown in figure 5.4. To account for static offsets (e.g., individ-
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Figure 5.2: Example stimuli for the condition of ‘No Vision’ for the four tested mean rotational rates, with the
different stages of the stimuli separated with vertical lines and described with text. The angular rotation is shown
in black, and the angular rotational velocity is shown in red. The black dashed lines indicate the perception
threshold for pitch due to the specific force threshold of 0.17 mis?, the red dashed lines indicate the pitch velocity
threshold of 3.6 degrees per second (Reid and Nahon, 1985).

ual resting position bias), the subjective response data were zeroed during post-processing
by subtracting the mean value of the pre-stimulus phase for each individual stimulus.

Figure 5.3: Measurement device used by the participants to report the perceived direction of gravity (pitch orien-
tation). The centre of rotation of the device is shown with a white circle, and the direction of rotation is shown
with white arrows.

5.2.6 Apparatus

The motion was presented using the ‘6DOF Motion Platform’ at the Human Robotics Lab,
Nara Institute of Science and Technology. The participant was rotated around the centroid
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Figure 5.4: Example signals for a sequence of different mean rotational rates and vision conditions mentioned at
the start of each stimulus. The applied stimulus is shown in an orange line, and the perceived pitch response of
this representative participant is shown in a blue line. Note that the deviations from baseline after motion offset
reflect individual perceptual drift and motor variability inherent to the continuous reporting task.

of the lower portion of the seat. Although the eccentric rotation introduces linear trans-
lations at the head, calculations estimate the tangential and centrifugal accelerations to
be < 0.07 m/sz, remaining well below the linear perception threshold of 0.17 m/s’ (Reid
and Nahon, 1985). Thus, the primary vestibular stimulus remained the reorientation rel-
ative to gravity. The participant was seated in a bucket-style racing seat equipped with a
headrest. Seat belts were used to limit the motion of the trunk. To strictly enforce head
restraint and prevent compensatory head movements, participants wore a neck brace that
limited neck articulation, while the headrest provided posterior support. This setup (see
figure 5.5) ensured the head remained almost rigidly coupled to the motion of the plat-
form. The visual stimuli were presented using an HTC Vive Pro 2, head-mounted display
(HMD), see figure 5.5b. The visual stimulus consisted of a pattern of white random dots
displayed against a black background within the HMD as seen in figure 5.5c. The dots were
arranged in a virtual sphere surrounding the participant at a radius of 3 meters. The effec-
tive Field of View (FOV) was determined by the HTC Vive Pro 2 HMD (approximately 120°
horizontal and 120° vertical), providing sufficient peripheral cues to distinguish rotational
pitch flow from translational heave flow.

5.2.7 Analysis of Subjective Responses

To quantify the dynamic characteristics of the participants’ pitch perception, four key met-
rics were calculated: settling time, rise time, lag time, and steady-state amplitude. These
metrics are illustrated in figure 5.6 and calculated as follows:

e Settling time: the time elapsed from the stimulus onset until the response enters
and remains within a +5% error band of the final steady-state amplitude.

* Rise time: the time duration required for the response to transition from the initial
rise to the start of the steady-state phase, defined as the interval between reaching



(a) 6DOF Motion Platform. The centre of rotation is shown with(b) Head Mounted Display (HMD) and neck brace
a white circle, and the direction of rotation is shown with white
arrows.

(c) View inside the HMD

Figure 5.5: Apparatus used for the experiment

10% and 90% of the steady-state amplitude.

e Lag time: the time duration between the onset of the physical/visual stimulus and
the onset of the participant’s response. Response onset was defined as the moment
the signal rose more than 5% above the initial baseline (zero steady-state) for each
condition

e Steady-state amplitude: the mean value of the response angle calculated over the
final 2 seconds of the constant pitch phase.

Effects of vision condition and rotation rate on these metrics are shown in figure 5.8, and
effects of direction and further comparisons are presented in Appendix D.2. A repeated-
measures analysis of variance was conducted to determine whether motion direction, vi-
sion condition, or the rotational rate had significant effects. This approach was chosen to
inherently account for inter-subject variability and individual response biases by isolating
the within-subject variance.
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Figure 5.6: lllustration of how the four metrics - settling time, rise time, lag, steady state amplitude - are calculated.
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response.

5.2.8 Ethical Approval Declarations

The experiments were carried out in accordance with the relevant guidelines and regula-
tions, and all experimental protocols were approved by the Ethics Review Committee of
Nara Institute of Science and Technology (Approval Number: 2024-I-1). Additionally, writ-
ten informed consent was obtained from all participants before their participation in the
experiment.

5.3 RESULTS

5.3.1 Subjective Responses

The median subjective responses of the 32 participants are shown in figure 5.7 for the
four tested rotational rates (different subfigures), four vision conditions (colored lines), and
two motion directions (top/bottom graphs). The corresponding spread (25th and 75th per-
centiles) is included in similar graphs in Appendix D.1, but omitted here for brevity. It is
clear from figure 5.7 that the participants perceived pitch motion in the same direction as
the platform motion stimulus in all vision conditions. On average, they tend to underesti-
mate (on average by 20%) the magnitude of pitch tilt. Additionally, a noticeable delay (on
average 0.75 seconds) was observed between the stimuli and the participants’ subjective
responses. We note that due to inter-subject variability in this onset latency, the aggregate
median signal exhibits a smoother transition at motion onset compared to individual trials.
Consequently, the model parameters fitted to this data represent the dynamics of a median
observer rather than capturing the specific temporal delays of individual participants.

The calculated response metrics defined in section 5.2.7 (Settling Time, Rise Time, Lag Time,
Steady-State Amplitude) were analyzed to compare conditions. Effects of vision condition
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Figure 5.7: Median response across various mean rotational rates and various vision conditions. For the Only Vi-
sion case, a 1-degree physical pitch motion (black dashed line) was applied to prevent participants from detecting
the simulator’s lack of vibrations in this condition.

and rotation rate on these metrics are shown in figure 5.8, and effects of direction and
further comparisons are presented in Appendix D.2.

The factor that showed the greatest effect was the rotational rate of the applied stimuli. As
expected, a faster stimulus resulted in lower settling times (p < 0.0001), lower rise times
(p <0.0001) and lower lag times (p < 0.0001). The steady-state perception amplitude was
not significantly affected by rotation rate (p = 0.4).

When comparing across the different vision conditions, there seem to be no significant dif-
ferences (smallest p = 0.55) between all conditions with physical (vestibular) pitch motion
(‘External’, ‘Internal’, and ‘No Vision’). This result contradicts our hypothesis that ‘Exter-
nal Vision’ would provide the most accurate pitch perception. Specifically, we found no
evidence that the addition of congruent visual cues enhanced pitch perception accuracy
compared to conditions relying solely on vestibular cues or conflicting visual cues. The



scatter of the steady state amplitude seems invariant with visual condition (and rotation
rate). Despite our expectations that congruent visual and vestibular cues in the ‘External
vision’ condition would result in superior perception, and that a missing or stationary (con-
flicting) visual input would degrade perception in the ‘No Vision’ and ‘Internal Vision’ condi-
tions, respectively, participants showed equivalent responses in all three vision conditions.
These findings suggest that the visual information — consistent, conflicting or absent — did
not influence participants’ perception of pitch rotation in this experiment. This indicates a
dominant role of vestibular cues but may also relate to limitations in the effectiveness of
the selected visual stimuli.

However, there is a significant difference between the ‘Only Vision’ condition and others
in terms of having a lower steady-state amplitude (p < 0.0001) and higher lag times (p <
0.0001). The steady-state amplitude is lower due to the much lower physical motion in
this condition. The mean lag times are higher for ‘Only Vision’ at 2.73 seconds; however,
the median lag times are very similar, in a range of 0.7 seconds, to other vision conditions,
which have average lag times of 0.75 seconds.

In figure 5.7, the observed responses of the participants clearly do not show the counterin-
tuitive result in the ‘Only Vision’ case as shown for the corresponding SVC model prediction
in figure 5.1. Our hypothesis for the ‘Only vision’ condition was that participants would not
perceive the small, physical pitch and would perceive pitch in the direction opposite to the
visuals. Contrary to this hypothesis, the results show that perception was influenced by the
subtle physical motion despite it being below the vestibular thresholds mentioned above.

Between the two directions of the stimuli, no significant differences are observed in rise
times (p = 0.4) and steady state amplitudes (p = 0.4), suggesting that, on average, par-
ticipants showed an equivalent response regardless of the direction of pitch. However, a
significant difference was observed in settling times (p = 0.031) and lag times (p = 0.017),
suggesting a difference in response delay between forward and backward motion. How-
ever, this difference is limited to a mean lag time of 1.69 seconds for forward and 2.11
seconds for rearward, and a mean settling time of 13.81 seconds for forward and 13.71
seconds for rearward. Lower lag times during forward movement may be caused by the
support provided by the headrest, which pushes the head. Conversely, higher lag times
during backward movement may be explained by the lack of head support. On the other
hand, the difference in settling times of 0.1 seconds is small, suggesting that settling be-
havior is largely consistent across directions.

5.3.2 Subjective Vertical Conflict (SVC) model predictions

Modeling Approach

In this subsection, we compare the measured pitch perception responses from the experi-
ment with predictions of different versions of the SVC model, which is a well-known sensory
integration model designed to capture motion sickness. Bos and Bles (1998) developed
the SVC model, which integrates vestibular motion cues from the otoliths sensing specific
force (acceleration plus gravity) and the semicircular canals sensing rotational rate. This
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model was later extended to six degrees of freedom by Kamiji et al. (2007) and improved
by adding visual inputs in Liu et al. (2024); Wada et al. (2020). The model consists of three
parts: the ‘Visual-Vestibular System’, the ‘Internal Model’ of the visual-vestibular system,
and the ‘Feedback’ of errors (conflicts) between sensed signals and internal model predic-
tions, as shown in figure 3.1. The main concept of this model is that the dominant conflict
causing motion sickness is the mismatch between the internal estimate of verticality (orien-
tation with respect to gravity) and the sensed verticality. This mismatch is labeled as Av in
figure 3.1. The otolith dynamics are assumed to be unity (OTO = 1), while the semicircular
organs are modeled as a high-pass filter (SCC = 7, s2/(rscc s+ 1)?). These same sensory
models (SCC and OTO) are also included in the internal model. The LP block calculates the
subjective vertical (direction and magnitude of gravity) by integrating angular velocity (o)
to rotate the internal gravity estimate, while extracting the constant inertial gravity contri-



bution from the sensed specific force through a low-pass filter with a time constant = (Bos
and Bles, 1998; Mayne, 1974). This interaction is governed by the differential equation
U= %(f —v)— w X v, where X denotes the cross product. The model also includes feed-
forward pathways (dashed lines in figure 3.1) originally proposed by Kamiji et al. (2007) to
model signals resulting from the summation of various sources contributing to self-motion
perception. These include active knowledge about sensory consequences (efference copy),
somatosensory information, and the effects of motion prediction or anticipation (Inoue
et al., 2025; Oman, 1990; Wada, 2021) to model active knowledge about the sensory con-
sequences of movement (efference copy) or anticipation (Oman, 1990). In this structure,
the signal a represents the anticipated acceleration. However, as the current study inves-
tigates purely passive motion without prior motion information, the feedforward gains K,
and K, were disregarded (K, =0 and K, = 0), consistent with previous validations (Irmak
et al., 2023; Kotian et al., 2024).

In this paper, we adopt the SVC model version from Liu et al. (2024); Wada et al. (2020),
based on the findings of Kotian et al. (2024), which is referred to as the SVC; model. The
SVC; model includes integration (1) for the acceleration conflict feedback term. In the re-
mainder of the current paper, we will refer to the SVC; model as SVC. The parameters for
the SVC model can be found in table 4.2 and were originally published in Wada et al. (2020)
and Liu et al. (2024).

This model can accurately replicate the frequency and amplitude dynamics of motion sick-
ness as reported in numerous previous studies (Golding and Markey, 1996; Griffin and Mills,
2002b; Howarth and Griffin, 2003; Irmak et al., 2021, 2022; McCauley et al., 1976). Kotian
et al. (2024) shows that the visual vertical input (VV, red pathways in figure 3.1) that has
also been proposed for the SVC model is not effective for predicting sickness. Thereby the
SVC-VR model disables the pathway for the visual vertical by setting the value of K,,;; to
0.

Table 5.1: SVC model parameters as defined in Kotian et al. (2024) and the original sources.

Parameter .
Symbol Value Explanation
Anticipation K, 0 : .
Gains K, 0 Fully passive motion assumed
. K, 1
Vestlbular' K, 5 as in Wada et al. (2020)
Feedback Gains
K, 10
Visual Kgpis 0 as in (Liu et al., 2024). Set to O to disable VV
Feedback Gains K vis 10 as in Wada et al. (2020)
Perception Time () > asin Liu et al. (2022)
Constants Toee(S) 7
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Figure 5.9: The SVC model with both Visual Rotation (VR) and Visual Vertical (VV) inputs from Kotian et al. (2024).
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U is the estimated Subjective Vertical vector; perceived pitch is derived from the direction of the vector &. The
feedback outputs (A) represent sensory conflicts used to update the Internal model. 7 is the internal model time
constant, K terms represent sensory weights, and Av is the conflict driving motion sickness accumulation.

Modeling Results

Figure 5.10 compares the responses of three different SVC model variants (VR, VV and
VR+VV in yellow, orange and blue), with the median subjective responses of the partic-
ipants (in red), for the condition with a mean rotational rate of 5 degree/s. Figures for
lower rotational rates show equivalent results and are included in Appendix D.4. For the
‘Only Vision’ condition simulations, the 1-degree physical platform motion was included as
a vestibular input to the model alongside the visual stimulus. Additionally, to account for
the eccentric rotation (where the center of rotation is located at the seat), the model inputs
(specific force and angular velocity) were calculated at the head position at the headrest
(0.7 meters above the center of rotation). This ensures that the simulations capture the
combined angular and linear accelerations experienced by the vestibular system.

In figure 5.10 a strong effect of vision is evident in the SVC model responses, where the
magnitude of predicted pitch perception varies greatly depending on the vision condition
and the considered active visual loops (VR, VV, or VR+VV). With ‘External’ and ‘Internal’
vision, the SVC models strongly overestimate the perceived pitch relative to participants’
responses. The counterintuitive finding already shown in figure 5.1 occurs exclusively in
the ‘Only Vision’ condition, where the SVC-VR model predicts a pitch perception opposite
in direction to that reported by participants, highlighting limitations of the SVC-VR model
in purely visual scenarios. In the ‘No Vision’ condition, all three models produce the same
output because the visual loops are disabled.

With their current published parameter settings, none of the SVC model variants — VR, VV
or VR+VV — accurately predict the measured perception of pitch across the vision condi-



5.3 Results 113

mmmm Platform Motion SVC-wW
SVC-VR
SVC-W+VR

== == == Visual Motion
Median Response

10 r

L
18 0 2 4 6 8 10 12 14 16 18

Angle ()
Angle (“)

18 0 2 4 6 8 10 12 14 16 18
Time (s)

(a) External Vision (b) Internal Vision
10 10

Angle (t)
o @

Angle ()
) @

0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18

Angle ()
& °
1
: 1
1
1
1
1
1
1
1
Angle ()

10 L L L L L L
0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18

Time (s) Time (s)

(c) No Vision (the models coincide) (d) Only Vision

Figure 5.10: Median subjective response for all vision conditions compared with three SVC model variants for
stimuli with mean rotational rates of 5 degree/s. Figures for lower rotational rates are shown in Appendix D.4.

tions tested. The models were additionally evaluated with prolonged step durations (see
Appendix D.9), revealing that convergence to the true input pitch attitude occurred in only
a limited subset of models across the vision conditions. This indicates that the models ex-
hibit inaccuracy (compared to human responses) not only in dynamic conditions, but also
in steady-state contexts. This aligns with a recent consideration of convergence towards
actual verticality perception by Wada and Bos (2025). This underscores the need to adapt
or tune these models and their parameters to improve their accuracy.

5.3.3 Extended and Re-tuned SVC Model Predictions

Re-tuning Approach

To evaluate whether there exists a parameter set that can accurately capture the observed
human pitch perception responses, we tuned the SVC-VR model by fitting a single set of pa-
rameters to minimise the error between the model’s prediction and the median human re-




sponses for all conditions. Results of fitting the full SVC-VR+VV model are in Appendix D.8.
The anticipation parameters K, and K, were not fitted and are set to zero as in Kotian et al.
(2024), as the experiment data represents fully passive exposures without anticipation. The
other seven parameters were considered as ‘free’ parameters in the fitting process, which
was performed in MATLAB using the fmincon optimizer.

Additionally, the fitting procedure was conducted under three different conditions, see ta-
ble 5.2 and table 5.4: Fit 1 allowed broad parameter ranges with large differences between
lower and upper bounds to enable maximum flexibility. Fit 2 imposed higher lower bounds
of 1 seconds for 7 and 5 seconds for 7 g, reflecting physiologically plausible limits in Bos
and Bles (2002); Correia Gracio et al. (2013); De Graaf et al. (1997); Inoue et al. (2023); Ir-
mak et al. (2023); Seidman et al. (1998). Fit 3 applied an additional constraint enforcing the
magnitude of K. being equal to 7 in seconds to preserve the peak conflict frequency for
purely translational motion at 0.16 Hz. This maintains the highest motion sickness suscep-
tibility at this frequency in line with McCauley et al. (1976), as illustrated in Appendix D.7.

Table 5.2: SVC Fitting Conditions

Fitting Conditions  Description

Original Original parameter values serving as baseline or benchmark.

Fit1 Parameter fitting with a large range between lower and upper bounds to allow flexibility.
Fit 2 Parameter fitting with raised lower bounds of 1 second for 7z and 5 seconds for 7g¢c.

Fit 3 Parameter fitting with additional constraint enforcing the magnitude of K. is equal

to 7 in seconds to preserve the system’s peak conflict frequency for pure translation
of 0.16 H z. See Appendix D.7 for derivation.

To bring the model responses of the SVC-VR close to the human responses, it was observed
that a substantial reductionin K,,,;, (from 10t0 0.01) and K .. (from 1to 0.1) is preferred by
the fitting algorithm. Additionally, the estimated values of the time constants, 7 (1 seconds),
are at the lower end of their typical physiological range, where 7 is reported to range from 1
to 7 seconds in prior studies (Bos and Bles, 2002; Correia Gracio et al., 2013; De Graaf et al.,
1997; Inoue et al., 2023; Irmak et al., 2023; Seidman et al., 1998). This suggests a trade-off
between minimising model error and maintaining parameter values within physiologically
plausible ranges, potentially raising concerns regarding the physiological validity of the re-
fitted model, despite its enhanced fit of the current data. As illustrated in figure D.20, Fit
3, indeed, ensures the peak frequency for motion sickness sensitivity to remain 0.16 H z.

While reviewing different implementations for otoliths and semicircular canals, we recog-
nised that perception thresholds—or more accurately, ‘indifference’ thresholds—are so far
not incorporated in the SVC model, whereas they are commonly included in motion cueing
algorithms for driving and flight simulators such as in Jain et al. (2023a); Telban and Car-
dullo (2001). To address this, we introduced vestibular acceleration thresholds set to [0.17,
0.17, 0.28] m/s? for longitudinal, lateral and vertical direction, respectively, and vestibular
angular velocity thresholds set to [3.0, 3.6, 2.6] deg/s for roll, pitch and yaw rotation rates,
respectively, based on values from Houck et al. (2005) and Reid and Nahon (1985). We note



that these values represent ‘indifference thresholds’ commonly used in motion cueing algo-
rithms for simulators, which are typically higher than absolute detection thresholds found
in psychophysical studies (e.g.,Lim et al. (2017); Valko et al. (2012)). We acknowledge that
the subjective perception of tilt is an integrated value resulting from combined otolith and
semicircular canal stimulation. However, in this modeling approach, we apply thresholds
as distinct sensory input deadbands acting independently on the specific force (otolith)
and angular velocity (canal) signals prior to central integration. This aligns with standard
motion cueing implementations (Telban and Cardullo, 2001) and accounts for the effective
signal-to-noise ratio of the individual sensory channels or simulator mechanics rather than
the threshold of the final integrated percept. The vestibular thresholds were implemented
within the SCC and OTO blocks in the “Vestibular-Visual System” model, but not included
in the “Internal Model” (see figure 3.1). We evaluated model variations by applying these
thresholds individually and in combination.

Table 5.3: SVC Model Variations

Model Variations Description

Baseline Baseline model configuration without modifications.

AccelThresh Inclusion of vestibular acceleration thresholds of [0.17,0.17,0.28] mls® to the inputs.
From Houck et al. (2005) and Reid and Nahon (1985)

AngVelThresh Inclusion of vestibular angular velocity thresholds of [3.0,3.6,2.6] deg/s to the inputs.
From Houck et al. (2005) and Reid and Nahon (1985)

AccelAngVelThresh  Inclusion of vestibular acceleration thresholds of [0.17,0.17,0.28] mls*
and vestibular angular velocity thresholds of [3.0,3.6,2.6] deg/s to the inputs.
From Houck et al. (2005) and Reid and Nahon (1985)

Re-tuning Results

The optimised parameters for all model variations and fitting conditions, along with the
original values and the average overall RMSE (across all conditions) and per vision condi-
tion, are presented in table 5.4. Starting from the SVC-VR-Baseline model, we see that
simply adjusting or fitting the parameters already leads to a significant improvement in
matching the data, as reflected by a reduction in the average RMSE from 3.84 degrees to
much lower values in the fitted versions. Beyond this, exploring other model variations re-
veals that incorporating acceleration thresholds (SVC-VR-AccelThresh) provides the great-
est enhancement, ultimately achieving the lowest average RMSE of 0.62 degrees for Fit 3.
In contrast, adding angular velocity thresholds provides limited improvements.

The results of Fit 1, Fit 2 and Fit 3 for the SVC-VR-Baseline are shown in figure 5.11, which
indicates that all fitting approaches yield substantially improved accuracy relative to the
original baseline parameters. While Fit 1 achieves the lowest average RMSE of 0.70 de-
grees, Fit 3 exhibits a modest increase in RMSE to 0.86 degrees. Despite this reduction in
performance, Fit 3 still performs markedly better than the Baseline with original param-
eters, which had an RMSE of 3.84 degrees, demonstrating a significant enhancement in



Table 5.4: Parameter values and RMSEs for

Kamiji et al. (2007); Wada et al. (2020)

all model variations compared with the original parameters from

y Average . -
Model  Variation :\'fpe Kowe  Ker Koo K K «s) rsce(s)  RMSE RMSE per "’:e“;‘ condition
(deg)
External Internal No  Only
Parameter Bounds ~ Fit 1 [0,15] [0,0] [515] [0.1,3] [0.1,10] [0.1,10] [0.1,15]
Fit2 [0,15] [0,0] [5,15] [0.1,3] [0.1,10] [1,10]  [5,15]
Fit3 [0,15] [0,0] [5,15] [0.1,3] [0.1,10] [1,10]  [5,15]
SVC-VR  Baseline Original 10.00 0.00 10.00 1.00 5.00 5.00 7.00 3.84 1.47 7.08 215 4.65
Original with no visual input  0.00 0.00 10.00 1.00 5.00 5.00 7.00 1.73 221 2.26 215 033
Fit1 7.72 0.00 6.71 0.10 0.99 0.10 1.65 0.70 0.85 0.91 079 0.6
Fit2 0.58 0.00 13.23  0.29 1.36 1.01 5.36 0.86 1.05 113 099 0.26
Fit3 0.01 0.00 6.99 0.10 1.00 1.00 5.00 0.86 1.06 111 1.00 0.25
Fit 3 with no visual input 0.00 0.00 6.99 0.10 1.00 1.00 5.00 0.86 1.06 111 1.00 0.25
AccelThresh Original 10.00 0.00 10.00 1.00 5.00 5.00 7.00 3.59 0.98 6.66 159 515
Original with no visual input  0.00 0.00 1000 1.00 5.00 5.00 7.00 1.34 1.63 1.74 158 040
Fit1 0.00 0.00 1495 0.10 1.20 0.17 12.31 0.47 0.42 0.47 035 0.62
Fit2 0.07 0.00 1323 085 2.32 1.01 7.13 0.60 0.62 0.66 0.52  0.60
Fit3 2.41 0.00 5.00 0.10 1.03 1.03 5.00 0.62 0.61 0.62 0.55 0.69
Fit 3 with no visual input 0.00 0.00 5.00 0.10 1.03 1.03 5.00 0.62 0.61 0.64 0.55 0.69
AngVelThresh Original 10.00 0.00 10.00 1.00 5.00 5.00 7.00 3.35 533 1.10 1.00 5.98
Original with no visual input  0.00 0.00 10.00 1.00 5.00 5.00 7.00 0.85 1.04 110 099 0.27
Fit1 1.64 0.00 1435 244 115 0.10 4.00 0.70 0.80 0.92 079 029
Fit2 0.41 0.00 12.87 3.00 4.37 1.08 5.04 0.70 0.67 0.95 0.82 0.37
Fit3 0.05 0.00 12.81 140 7.93 7.93 8.46 0.83 0.93 1.08 099 0.33
Fit 3 with no visual input 0.00 0.00 1281 140 7.93 7.93 8.46 0.85 1.01 1.08 0.99 030
AccelAngVelThresh  Original 10.00 0.00 10.00 1.00 5.00 5.00 7.00 3.37 5.78 0.65 059 6.45
Original with no visual input  0.00 0.00 1000 1.00 5.00 5.00 7.00 0.62 0.63 0.65 0.59 0.62
Fit1 0.00 0.00 895 0.16 1.22 0.17 8.13 0.47 0.42 0.46 035 0.62
Fit2 0.00 0.00 13.67  3.00 4.92 1.01 8.12 0.47 0.43 0.47 036 0.62
Fit3 0.00 0.00 1343 039 127 1.27 10.00 0.63 0.63 0.66 0.59 0.62
Fit 3 with no visual input 0.00 0.00 1343  0.39 127 127 10.00 0.63 0.63 0.66 0.59 0.62

model accuracy. This suggests that the constraint imposed in Fit 3, which preserves mo-
tion sickness frequency sensitivity, results in a slight reduction in fit quality but maintains
superior performance compared to the original parameters.

Table 5.4 also shows two types of model fits with no visual input. In all cases, the baseline
improves when removing the visual input. Furthermore, the results for
SVC-VR-AccelAngVelThresh Fit 3 demonstrate that the model can perform equally well
without visual gains. Table 4 supports this: the RMSE for Fit 3 is identical with or with-
out visual inputs, while the Original parameters actually achieve a lower RMSE (better fit)
when visual inputs are disregarded.

Appendix D.8 shows equivalent fitted responses with the complete SVC model with both
visual rotation velocity (VR) and visual verticality (VV). The SVC-VR+VV model shows a bet-
ter fit as compared to the SVC-VR model for several variants, but the corresponding RMSE
values are equivalent for the best fitting model, AccelAngVelThresh. Interestingly, the ad-
ditional parameter K,,,;; of SVC-VR+VV is estimated between 0.21 and 0.62, which is much
lower than the original value of 5 reported by Liu et al. (2024).
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Figure 5.11: Results of tuning (Fits 1, 2 and 3) the parameters of the SVC-VR-Baseline model and SVC-VR-
AccelAngVelThresh for the stimuli with mean rotational rates of 5 degree/s. Figures for other rotational rates
are shown in Appendix D.6.

5.4 DISCUSSION

Experimental results (see figure 5.7) demonstrate that human participants tend to under-
estimate (on average by 20%) the amplitude of pitch motion across all conditions. Ad-
ditionally, no significant difference was observed in the three conditions with mechani-
cal platform motion, while varying vision. This finding challenges assumptions that visual
cues inherently improve motion perception accuracy and suggests a predominant reliance
on vestibular inputs. Notably, in the ‘Only Vision’ condition, participants’ responses still
matched the (low magnitude) physical motion, strongly underestimating the visual pitch
amplitude. This suggests that the central nervous system prioritizes vestibular information
in pitch perception. However, the observed dominance of vestibular inputs likely results
from the specific nature of the visual stimulus, which mimics optic flow without a spatial
reference. We deliberately utilized a random dot pattern to isolate rotational velocity cues
(optic flow), matching the SVC-VR model. However, this design lacked a polarized horizon
or ground plane. In the absence of such spatial references, optic flow provides informa-




tion about rotational change, but is ambiguous regarding absolute orientation relative to
gravity. In contrast, the vestibular system (specifically the otoliths) provides a direct, albeit
weak in this case, reference to the gravity vector. Thus, consistent with optimal integration
theory, the central nervous system seemingly prioritized the noisy but absolute vestibular
reference over the potentially drifting visual cue. This interpretation is corroborated by
our modeling analysis, which indicated a modest role of visual verticality perception in the
current experiment (low estimated values for K,,;), reflecting the absence of explicit ori-
entation cues in the provided visual stimulus. We acknowledge that the SVC model com-
putes a subjective vertical, which we utilized as a proxy for pitch perception. While sub-
jective vertical errors are distinct from body tilt perception and subject to specific biases
(e.g., systematic overestimation or underestimation of tilt), our model output represents
the internal estimate of the gravity vector direction. In the context of our passive pitch
task without active line adjustment, we assume this internal vector orientation drives the
perceived body orientation relative to Earth.

As shown in figure 5.2, for two out of the four ramp steepness conditions, the presented
motion is well below the vestibular angular velocity perception threshold. Using the angu-
lar velocity threshold improved the fits, but the improvement was modest. It would have
been beneficial to test more ramp steepnesses that exceed this threshold. In contrast, the
motion remains consistently well above the vestibular acceleration perception threshold.
This is shown in figure 5.2, converted to the equivalent pitch angle that would induce the
same acceleration. Having a motion that exceeded the acceleration threshold likely con-
tributed to the noticeably better fits when acceleration thresholds were used, as confirmed
by the parameter analysis in table 5.4.

Comparison of experimental results to SVC model variants with their original published pa-
rameters (see figure 5.10) reveals a major overestimation of perceived pitch by the models
for the ‘External’ and ‘Internal’ vision cases. In the ‘Only’ vision condition, the SVC-VR
model even predicts an incorrect sign of the perceived pitch. Hence, the SVC models with
their original parameters do not sufficiently capture human responses in pitch perception
under varying vision conditions, limiting their reliability for predicting perception and mo-
tion sickness in untested scenarios. While adapting the SVC model parameters (as in sec-
tion 5.3.3) demonstrably improves the fit for our conditions, this doesn’t guarantee they
will generalise to all vestibular and visual scenarios. Parameter tuning may enhance model
accuracy within the tested domain, but the complexity of multi-sensory integration and
context-specific factors (e.g., differing visual motion cues, individual sensory reliance, or
VR immersion effects) makes a truly ‘universal’ model challenging. Instead, iterative adap-
tation and validation across broader scenarios and populations are necessary to achieve
coherent improvements. In doing so, we should be careful not to disrupt the motion sick-
ness sensitivity of the model. In this paper, we make an attempt to achieve this with Fit 3,
constraining the magnitude of K. to be equal to 7 in seconds. As illustrated in figure D.20,
Fit 3, indeed, ensures the peak frequency for motion sickness sensitivity to remain at 0.16
H z, in line with vertical experimental data by McCauley et al. (1976).

We verified how the fitted SVC parameters affect motion sickness prediction in three ve-
hicle experiments used previously to validate our personalised motion sickness model (Ko-
tian et al., 2025). The SVC-VR parameters for Fit 3 in table 5.4 provided an adequate fit



(the MISC error increased less than 8%). The SVC-VR+VV parameters for Fit 3 in table D.2
provided a 40-60% increase in the MISC error. This once more illustrates that the SVC-
VR model better captures motion sickness in passive driving than the SVC-VR+VV model.
However, visual verticality perception has been shown to affect motion perception and
sickness (Bos et al., 2008; Liu et al., 2024), warranting further efforts to model the role of
visual verticality perception.

From table 5.4, it is clear that all fitted models significantly reduce the average RMSE com-
pared to the original parameters, indicating an improved fit to the data. Fit 1 generally
achieves the lowest RMSE across model variations, due to it having large parameter flexi-
bility to help better capture the system behaviour. However, this unconstrained flexibility
often resulted in parameters reaching the provided bounds, yielding values (e.g., time con-
stants) that deviated from the ranges reported in prior physiological studies (Bos and Bles,
2002; Correia Gracio et al., 2013). In contrast, Fit 2 and Fit 3 impose stricter constraints on
time constants or parameter relationships. Although they show slightly higher RMSE val-
ues, the difference is marginal (< 0.2 degrees), suggesting diminishing returns in optimizing
outside these biologically plausible ranges. Thus, the constrained parameter sets are likely
more valid for capturing human perception. Models with additional vestibular thresholds
included (AccelThresh, AngVelThresh, AccelAngVelThresh) consistently improve error met-
rics by 20%, highlighting the benefit of including these thresholds. Overall, flexible param-
eter fitting combined with known physiological threshold values is found to substantially
enhance SVC model performance.

We additionally (results not shown in the paper) investigated the incorporation of a re-
sponse delay to capture any latencies in the subjective pitch perception data. It was found
that introducing a delay of 0.15 seconds (Thorpe et al., 1996) did not enhance the model
fit, however, it did significantly affect the estimated SVC parameter values, specifically re-
sulting in the fitted values of (r) and (zg¢¢) tending toward even smaller values of approxi-
mately 0.01 seconds. As this is an undesired and counterintuitive effect, the consideration
of response delays in subjective perception responses requires attention in future research.

Although AccelThresh, AngVelThresh, and AccelAngVelThresh yielded an improvement in
modeling accuracy and more plausible parameter values, the validation of these proposed
SVC model extensions remains limited to pitch stimuli of five degrees at various angular
velocities. We acknowledge that these relatively small angles may not fully capture the
non-linearities or specific biases (e.g., systematic overestimation or underestimation of
tilt). Consequently, whether these perception thresholds and model behaviors generalise
to larger pitch excursions remains an open question for future research.

Additionally, the role of participant expectations during virtual reality exposure—and how
these may shape individual sensory integration strategies—should be systematically ex-
plored, as these factors could further limit the generalizability of current findings.

In future work, it is essential to revisit the ‘Only Vision’ condition with purely vision stim-
uli and replace the 1-degree pitch motion applied in the current experiment with noise or
vibration stimuli. Further comparison with a visual stimulus showing an explicit horizon to
enable true verticality perception will be interesting. Additionally, exploring vision condi-
tions with larger and faster stimuli can provide further insight into the dynamics of sensory



integration. In the present study, only a limited representation of rotational visual stim-
uli was provided. Future research should consider measuring motion perception, as in Liu
et al. (2024), using more realistic visual scenes, including high-realism images and condi-
tions in which visual verticality cues, such as the ground surface and horizon. The visual
input to the SVC model as used in this study does not account for factors such as field of
view and contrast, both of which are known to influence visually induced motion sickness
(VIMS). In this context, models that can directly process actual image data can be explored.
For instance, Liu et al. (2024); Wada et al. (2020) have already proposed an approach using
optical flow and visual vertical, respectively, for this purpose. Progress towards predictive
and widely applicable models will hinge on expanding both the diversity of motion/visual
stimuli and the inclusion of real-world scene realism.

In summary, our findings in figure 5.7 and appendix D.9 and parameter analyses (table 5.4)
collectively demonstrate that SVC models with their original published parameters pro-
vide highly unrealistic results for human pitch perception under various visual conditions.
However, with tuned parameters, a good fit (RMSE < 1 degrees) was obtained for pitch
perception. The introduction of perception thresholds within the SVC framework further
enhances fidelity to observed human perception and offers improved utility for motion
cueing applications as proposed by Telban and Cardullo (2001) and Groen and Bles (2004).
This holds for SVC and other sensory integration models such as the multisensory observer
model (MSOM), which captures the current data quite well with its published parameters,
with scope for further enhancement (see Appendix D.5). Continued validation across com-
plex motion paradigms and inclusion of individual variations will be pivotal for advancing
model-based predictions of motion sickness and perception in virtual reality and simulator
environments.

5.5 CONCLUSION

Our study reveals that humans tend to underestimate pitch stimulus amplitude (on av-
erage by 20%) across various visual conditions, with no significant effect of vision when
comparing the three conditions involving full platform motion. SVC models with their orig-
inal published parameters provide highly unrealistic pitch perception predictions, with the
SVC-VR model even predicting results opposite to experimental results in conditions with
only visual motion. Through model tuning, we enhanced the SVC-VR model’s ability to
capture human responses more accurately and introducing rotational velocity and accel-
eration perception thresholds further improved this capability. Interestingly, models with-
out any visual input matched the experimental data equally well as models with explicit
vision inputs, reinforcing the finding that vision had no measurable effect on participants’
pitch perception. These findings highlight the complexity of sensory integration in motion
perception and reveal limitations in current models’ ability to represent visually driven illu-
sions of self-motion. Future research must validate the proposed model extensions across
a broader range of motion paradigms, such as in Inoue et al. (2023); Irmak et al. (2023); Ko-
tian et al. (2024); Newman (2009), and motion sickness conditions, such as in Kotian et al.
(2024). Advancing such models is critical for applications in virtual reality, automated ve-
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hicles, and simulator environments, where an accurate representation of visually induced
motion perception is essential.
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Abstract

Driving simulators are increasingly used in research and development. However, simulators
often cause motion sickness due to downscaled motion and unscaled veridical visuals. In
this paper, a motion cueing algorithm is proposed that reduces motion sickness as predicted
by the subjective vertical conflict (SVC) model using model predictive control (MPC). Both
sensory conflict and specific force errors are penalised in the cost function, allowing the
algorithm to jointly optimise fidelity and comfort.

Human-in-the-loop experiments were conducted to compare four simulator motion set-
tings: two variations of our MPC-based algorithm, one focused on pure specific force track-
ing and the second compromising specific force tracking and motion sickness minimisation,
as well as reference adaptive washout and no motion cases. The experiments were per-
formed on a hexapod driving simulator with participants exposed to passive driving.

Experimental motion sickness results closely matched the sickness model predictions. As
predicted by the model, the no motion condition yielded the lowest sickness levels. How-
ever, it was rated lowest in terms of fidelity. The compromise solution reduced sickness by
over 50% (average MISC level 3 to 1.5) compared to adaptive washout and the algorithm
focusing on specific force tracking, without any significant reduction in fidelity rating.

The proposed approach for developing MCA that takes into account both the simulator
dynamics and time evolution of motion sickness offers a significant advancement in achiev-
ing an optimal control of motion sickness and specific force recreation in driving simulators,
supporting broader simulator use.



6.1 INTRODUCTION

Since the inception of driving simulator technology, a key challenge has been to bring the
driving simulator experience closer to the real vehicle experience. However, the realistic
(unscaled) visual motion is still presented with scaled or even without any physical motion.
This causes a mismatch between expected and perceived motion, eliciting motion sickness
(Bos et al., 2020). Motion sickness is a syndrome that arises as a consequence of a wide
range of self-motion and orientation cues. It is characterised by symptoms of sweating,
headache, dizziness, stomach awareness, where these symptoms usually grow in severity
until nausea, retching and ultimately vomiting occurs (Bertolini and Straumann, 2016). The
mechanisms behind the development and evolution of motion sickness have been studied
extensively, relying heavily on models that predict sensory conflicts based on well-known
mathematical models of vestibular and visual sensory integration (Bos and Bles, 1998; Ir-
mak et al., 2023; Kotian et al., 2024; Liu et al., 2022; Wada et al., 2020).

In driving simulators, motion sickness typically occurs due to the intricate interplay of syn-
thetic parallel visual, vestibular, and proprioceptive cues. A recent meta-analysis on simu-
lator sickness (de Winkel et al., 2022) reviewed 41 studies and reported modest sickness
levels across different simulator configurations. It found that improved visual fidelity signif-
icantly reduced sickness in motion-base simulators, but not in fixed-base systems. Mechan-
ical motion presence had a minor, non-significant effect on sickness. Active driving reduced
sickness compared to passive driving, although these comparisons were across different
studies. Notably, active driving rarely induces sickness in real vehicles, highlighting a gap
between simulation and reality. In a comparative study (Romano et al., 2016), three mo-
tion cueing strategies were assessed against a fixed-base setup. While the motion-cueing
strategies improved perceived realism, they were also associated with increased sickness
incidence, highlighting a trade-off between immersion and physiological comfort.

In this paper, we aim to develop a motion cueing algorithm (MCA) that can recreate spe-
cific forces from a real vehicle drive in a driving simulator, while explicitly minimizing the
level of motion sickness. To the best of the authors’ knowledge, no prior work has estab-
lished an MCA explicitly aimed at reproducing or reducing motion sickness in a simulator
environment. For this, we need an MCA that can take into account both the simulator dy-
namics and the time evolution of motion sickness. New approaches to develop MCAs such
as Bruschetta et al. (2018); Jain et al. (2023b); Rengifo et al. (2021) based on model predic-
tive control (MPC) are well suited as they solve a constrained optimal control problem and
can take advantage of models of simulator dynamics and motion sickness development in
their optimization. Traditionally, simple metrics of motion sickness severity are optimised,
such as the motion sickness dose value (MSDV) in Bae et al. (2019); Jain et al. (2023a);
Lambert et al. (2019); Li and Hu (2021) for vehicle trajectory planning. While effective in
optimising the magnitude of horizontal motion in real vehicles, such methods will not cap-
ture the effects of the frequency of motion, platform rotation, and conflicting visual and
mechanical motion. To capture these effects, we selected the 6-DoF subjective vertical con-
flict (SVC) model from Wada et al. (2020). Comparing a range of models, this model best
matched motion sickness data collected in several laboratory experiments and real-world
driving studies (Kotian et al., 2024). In Kotian et al. (2025), we extended this SVC model



with a personalised motion sickness accumulation model. We calibrated the accumulation
parameters such that the model predicts sickness rated with the well-established MISC
scale. Moreover, a population model was added to predict the sickness variation within a
population.

This paper presents a novel MPC-based MCA that mitigates motion sickness, using these
motion sickness models to find a balance between motion sickness reduction and specific
force recreation. We validate the MCAs in human-in-the-loop experiments, also including
a reference adaptive washout MCA and a no motion condition.

The contributions of the work are outlined below:

¢ Incorporated a six-degree-of-freedom subjective vertical conflict motion sickness model,
for the first time, directly into a motion cueing algorithm as part of its cost function.

¢ Formulated a multi-objective optimisation framework that jointly optimizes for mo-
tion sickness reduction and reproduction of reference vehicle motion in the driving
simulator.

¢ Demonstrated that inclusion of the motion sickness model allows for an adjustable
trade-off between motion fidelity and predicted motion sickness, enabling the algo-
rithm to prioritise either motion fidelity or participant comfort based on application-
specific requirements.

¢ Conducted a human-in-the-loop experiment confirming that the proposed algorithm
effectively mitigates motion sickness, while having minimal impact on perceived mo-
tion fidelity.

6.2 MOTION CUEING ALGORITHMS
6.2.1 MPC-based MCA

The evaluation framework of the proposed motion cueing algorithm is shown in figure 6.1.
The inputs are the reference vehicle specific forces, the reference sensory conflict repre-
senting motion sickness, and the yaw acceleration. In this paper, the reference sensory
conflict is set to zero, resulting in an MPC that aims to minimise motion sickness.

The upper part of figure 6.1 represents the proposed algorithm combining hexapod dy-
namics and the sensory conflict generation model in the MPC framework. The considered
hexapod dynamics consist of translational (fore-aft and sway) motion, and correspondingly,
pitch and roll motion. The equations for the hexapod dynamics are defined in detail in
Appendix E.4. Assuming yaw motion is a separate channel, it is controlled via a parallel
washout channel to reduce computational complexity. More details regarding the control
of yaw motion can be found in Appendix E.6. The vertical motion is neglected in this paper,
assuming a perfectly flat road. The reference vehicle specific forces and yaw accelerations
are preconditioned by scaling and limitations based on hexapod capability.



Model Predictive Control

Hexapod Dynamics Sensory Conflict Generation Model

Reference Scale
Vehicle — —p & | fnputs
Specifc Forces Limit

Edg oy

L
i3
System States
Reference Gzl (Feedback) Control
. e

i Inputs
Vehicle Yaw e P

Reference
Sensory —
Conflict

I MISC Prediction
Simulator Sensory Conflict Generation Model Accumulation Model

Sensory
Conflcit Motion
—» Sickness

(MISC)

Motion|

Figure 6.1: Framework to evaluate the MPC-based MCA with the SVC-VR motion sickness model; the two blocks
at the bottom right, highlighted by the dashed blue box, are not part of the MCA and are only used to predict the
actual resulting motion sickness over the whole experiment duration.

To calculate the sensory conflict, c,, the subjective vertical conflict model with visual ro-
tational velocity (SVC-VR) is used (Kotian et al., 2023). It is based on the sensory conflict
generation model proposed in Wada et al. (2020) with further validation for motion sick-
ness predictions in vehicles (Kotian et al., 2024, 2025). The conflict in this model is a 3-DoF
vector; therefore, the vector norm results in a scalar. In this case, the instantaneous conflict
is used to predict sensory mismatch, without accumulation dynamics. Hence, the conflict
term is effectively scalar and does not directly include the slow integration effects present
in accumulation dynamics. Minimising this scalar conflict over the prediction horizon can
reduce motion sickness stimuli, but does not replicate the full MISC integration (accumu-
lation dynamics based on Kotian et al. (2025) shown on bottom right, figure 6.1), which is
still computed offline for weight selection purposes. More details on the integration of the
SVC model in the MPC can be found in Appendix E.3.

The proposed algorithm explicitly optimises the trade-off between motion sickness mitiga-
tion and motion perception fidelity. This is achieved by the introduction of the following
components in the cost function: J,,p is related to the tracking performance, J,, s corre-
sponds to the motion sickness through sensory conflict, and state costs J,,,,,. The resulting
cost function is defined as:

pen>



with

Iup = (fspec _fref)TVVspec(fspec_fref)’ (6.2)
JMS = wc(cu_curef)23 (6.3)
Joon =X =X, ) Wi(X = X, ), (6.4)

where f .. € R?, ¢, € R, and X € R" contains all considered states related to the hexa-
pod and the sensory conflict generation model.

The weighting matrices are positive semidefinite and dimensionally compatible with the
corresponding cost components:

* Wipee € R>, weighting the two components of the specific force in J,; p.

o w, € R™!, weighting the scalar sensory conflict in J,.

o W, € R, a diagonal matrix weighting all states of the hexapod and the sensory
conflict generation model in J,,,,,, where n, = 34 (same as the size of X).

The state vector is defined in condensed form as

X = [ehex Dpex  Shex  UVhex ftilt A5 ah7qx Apex (6 5)
Wy Wy U Ug Uy fspec 1

where 0,,,, is the angular position of the hexapod (rad), @,,, is the angular velocity of
the hexapod (rad/s), s, is the position of the hexapod (m), vy,, is the velocity of the
hexapod (m/s), f,; is the force due to the tilt component of gravity (m/s®), & is a dimen-
sionless slack variable, ay,, is the linear acceleration of the hexapod (m/s%), aj,, is the
angular acceleration of the hexapod (rad/s?), w, and 0, are sensed and expected an-
gular velocities in the motion sickness model (rad/s), and vy, 0, ¥, and fspec are verti-
cality and specific force states in the motion sickness model (m/s?). The hexapod states
(Brexs Prexs Shex> Unexs J1ilts 0> Qhex> Xpex) are two-element vectors in R2, whereas the mo-
tion sickness model states (w,, ,, vy, D, ﬁs,fspec) are three-element vectors in R,

To ensure physically feasible and safe motions, constraints are applied, including workspace
limits on positions and orientations, as well as velocity and acceleration limits. Slack vari-
ables 6 allow for flexible handling of constraint violations. A description of constraints
and slack variable implementation can be found in Appendix E.7. Additional workspace
management strategies, such as washout and dynamic constraints, are described in Ap-
pendix E.5. The weight parameters and the motivation for selecting weight parameters
can be found in Appendix E.1.

For this replay scenario, the algorithm is performed offline using the full horizon at each
step to compute optimal inputs for the simulator. The prediction horizon has been selected
as 3 seconds (60 steps and sampling time of 0.05 s). Shorter horizons reduced performance,
while the selected amount of prediction steps and sampling time result in a trade-off be-
tween prediction accuracy and computational feasibility, with a real-time factor of approx-
imately 2.1.



6.2.2 Adaptive Washout MCA

Inthe results below, we compare the MPC-based MCA to a state-of-the-art adaptive washout
(AW) MCA introduced in Ariel and Sivan (1984); Parrish et al. (1975); Veltena (2015), with
MPC-based direct workspace management as used in Jain et al. (2023b).

This adaptive washout consists of the following components

¢ Translation channels: 1st order high-pass filter
e Rotation channels: 3rd order high-pass filter

¢ Tilt coordination: 2nd order low-pass filter

The used parameter settings for the adaptive washout are listed in table 6.1. This configu-
ration is consistent with settings used in our previous work (Jain et al., 2023b).

Table 6.1: Configuration of the adaptive washout algorithm

Parameter Value

Cut-off frequency (long. and lat.) 0.5 Hz

Max tilt angle (roll and pitch) 30deg
Maximum tilt rate (roll and pitch) 3 deg/s
Scaling factor (lateral) 04
Scaling factor (longitudinal) 0.3

6.2.3 Objective Evaluation of MCAs

This subsection evaluates the performance of the algorithms objectively. Based on the
objective evaluation, suitable MCA conditions are selected for the experimental evaluation.
Here we already use the driving scenario defined for the experiment, see section 6.3.2.

The MPC-based algorithm under consideration addresses two primary objectives: accurate
specific force tracking and minimisation of sensory conflict. To comprehensively explore
the trade-off between these competing goals, we vary the ratio between the specific force
tracking weight and the sensory conflict weight across the entire range, from pure conflict
minimisation to pure force tracking. This is done by varying the sensory conflict weight,

Weop, between 0 to 1 while maintaining the relation w,,, + Wy, = 1.

Figure 6.2 illustrates the resulting performance metrics for different values of w,,,. The
upper two graphs illustrate predicted motion sickness in terms of sensory conflict and MISC,
whereas the other four graphs illustrate the corresponding workspace utilisation. In all
graphs, the horizontal axis is defined as the specific force tracking error. Hence, the upper
graphs represent the typical trade-off of sickness versus fidelity as a Pareto front.
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Figure 6.2: Effect of varying the sensory conflict weight, w,,,, on sickness, specific force tracking and workspace
utilisation. The specific force tracking error on the horizontal axis is computed as the square root of the sum of
the longitudinal and lateral root-mean-square errors (RMSE) of specific force. MISC development is evaluated
over 5 laps; all other metrics are calculated based on the response over a single lap. Adaptive washout (AW) and
no motion (NM) are shown as well.

Table 6.2: Objective performance of the selected MCAs along with their descriptions.

Algorithm Specific force RMSE [m/s*]  Shape similarity ~ Final median predicted MISC Description
No motion of platform
NM 0.536 0 09 coincides with M PCw,,,,;
M PCw,y00 0.216 0.97 2.0 MPC based MCA with w,, = 0.9
M PCw,y 0.027 0.99 3.0 MPC based MCA with w,, = 0
AW 0.097 0.89 2.8 Widely accepted motion cueing in industry

The green triangle represents the no motion case, which practically coincides with the con-
flict weight of unity in our algorithm. Thus, the algorithm indicates the reduction of motion
sickness to be the most when the simulator platform does not move at all. The blue dot
represents the adaptive washout based MCA as described in section 6.2.2.

For the experimental evaluation, it is important to ensure a clear distinction between the
predicted MISC levels of the different algorithm configurations. Therefore, a minimum dif-
ference of at least one MISC level is desired. With this minimum MISC difference and other
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Figure 6.3: Specific force and its components, along with the sensory conflict generated over one lap of the
simulation, shown for different algorithm configurations. Longitudinal specific force with its translation and tilt
components (upper three graphs), lateral specific force with its translation and tilt components (middle three
graphs) and sensory conflict (last two graphs) are shown for the three MCAs with motion. The no motion case is
only shown in the graphs of sensory conflict.

metrics in figure 6.2 in consideration, we have chosen two MPC-based MCAs for the exper-
iment along with the adaptive washout and no motion condition. Hence, the four MCA



conditions are:

* No Motion (N M ): This is a baseline case, where there is no motion of the simulator,
but there still are moving visuals.

* MPCuw,,,p9: Thisis a MPC-based MCA with a w,,, = 0.9. This MCA is expected to
be a good compromise, balancing sickness reduction and specific force reproduction.

* MPCuw,,,y: This is a MPC-based MCA with a w_,, = 0. This MCA is expected to
have very good specific force reproduction while causing more motion sickness than
Mpcwcon0.9'

e Adaptive Washout (AW): This is a state-of-the-art MCA widely used in industrial
applications.

These MCAs and their expected performance are summarised in table 6.2. In the experi-
ment, speed-dependent road-induced vibrations were added as vertical motion in all con-
ditions. For objective comparison of the selected algorithms, specific force tracking, shape
similarity, and the median predicted MISC at the end of the experiment are considered.

Specific force tracking is the RMSE between the reference and the obtained total horizontal
specific force (resultant of f and f,) from the MCA. It portrays how closely the magnitudes
of the reference and generated profiles match/align. For the AW method, the RMSE is 0.097
mls*. The M PCw.,,,, configuration achieves lower RMSE values of 0.027 mls?, indicating a
closer match to the reference. In contrast, the M PCw,,, o configuration results in higher
RMSE values of 0.216 m/s?, reflecting the reduced motion magnitudes.

Shape similarity is the Pearson correlation between the reference and generated profile.
This ensures the effectiveness of the algorithm. A manoeuvre with a similar shape to the
obtained specific force results in a similar experience. Despite magnitude scaling, a higher
shape similarity provides a better recreation of the manoeuvre. The AW method achieved
shape similarity scores of 0.89. The M PCw,,,,, configuration yielded higher shape similar-
ity scores of 0.99, indicating near-perfect alignment. The M PCw,,, 9 configuration also
performed well, with scores of 0.97.

The median predicted MISC at the end of the experiment quantifies the induced motion
sickness severity of each MCA. The M PCw,,, and AW had similar MISC levels of 3.0 and
2.8, respectively. In contrast, NM produced the least MISC of 0.9. The M PCw,,,0.9 had
an intermediate MISC of 2.0.

The selected MCA configurations were further analysed based on the rendered specific
force profiles. Figure 6.3 presents the specific force profiles produced by each configura-
tion. More detailed graphs with rotation and displacement data are shown in Appendix E.8.
The results show that the AW algorithm and the M PCw, o configuration yield very sim-
ilar profiles, whereas the M PCw,,, 9 configuration results in noticeably lower specific
force magnitudes.
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6.3 Human Evaluations

This section describes the simulator experiment and its subjective evaluation. Perceived
driving simulator fidelity and motion sickness were evaluated from the perspective of pas-
sive users, representative of users of automated vehicles. This work utilises the Delft Ad-
vanced Vehicle Simulator (DAVSi), a 6-DoF moving-base driving simulator (Khusro et al.,
2020), capable of generating accelerations of up to 1 g in all directions at a frequency of 10
Hz.

6.3.1 Experimental Procedure

All participants provided informed consent before participating in the study. The human re-
search ethics committee of TU Delft, The Netherlands, approved the experimental protocol
(application number 4819).

In total, 20 participants from the pool of students and employees of TU Delft participated
in the study (mean age: 27.70 years, std: 3.42 years, 6 females, 14 males). The individ-
ual motion sickness susceptibility was evaluated using the motion sickness susceptibility
questionnaire - short (MSSQ-Short) by Golding (2006b), yielding a mean MSSQ score of
49.6 with a standard deviation of 24.9, which is well above the population mean of 12.9,
indicating a high level of motion sickness susceptibility among the participants.

Each participant experienced all four selected motion cueing algorithm configurations, each
in a separate simulator session, in a randomised order. To minimise carry-over effects and
to mitigate motion sickness influence from previous exposures, the sessions were spaced
at least 48 hours apart for each participant.

Before the experiment, the participants underwent a concise briefing session to familiarise
themselves with the questionnaire and to understand the objective of the experiment. Dur-
ing the experiment, two-way communication was established between the experimenter
and the participant via Bluetooth headphones and microphones.

Measures were taken to ensure that the driving scene remained their sole visual focus,
including blocking side window views and part of the windshield to eliminate external cues
indicating platform tilt.

During each session, participants reported their motion sickness levels every 30 seconds
using the misery scale (MISC) (Reuten et al., 2021), prompted by an auditory beep in the
headphones. After completing a session, participants filled out an absolute grading ques-
tionnaire (Appendix E.2) assessing different aspects of the driving experience.

To ensure a fair comparison, the sequence of algorithm exposures varied across partic-
ipants. A latin square design was employed to balance the experimental testing order.
Participants were permitted to withdraw from the experiment at any point; however, no
individuals chose to exercise this option.



6.3.2 Scenario

The aim of this study is to investigate simulator sickness in relation to motion cueing in
driving simulators. To this end, a virtual driving scenario was designed to simulate a nat-
uralistic urban drive that would not typically induce motion sickness in real-world driving,
but may do so in a simulator due to sensory mismatch and strong visual motion cues.

Since the ultimate goal is to develop strategies to mitigate simulator sickness, the exper-
iment must first ensure a sufficiently high likelihood of inducing sickness. Given the nat-
uralistic and non-aggressive nature of the driving scenario, participants were exposed to
it for an extended period to allow the gradual onset of sickness symptoms. Based on this
consideration, the total session duration was set to approximately 30 minutes.

The driving scenario consisted of 240-second laps, followed by a 10-second pause, repeated
six times per session. This structure provided consistency across participants while main-
taining a manageable session length and data segmentation for analysis. The urban driving
scenario included vehicle speeds ranging from 0 to 70 km/h and consisted of a diverse set
of manoeuvres: stop-and-go sequences at traffic lights and pedestrian crossings, moderate
cornering, a tunnel section, and a double lane-change manoeuvre due to a road diversion
caused by an accident. These dynamic events were chosen to replicate realistic driving con-
ditions while introducing sufficient variations in acceleration to challenge the simulator’s
motion rendering capabilities.

The scenario was created using IPG CarMaker, which provides a realistic virtual environ-
ment and high-fidelity vehicle dynamics simulation. CarMaker’s vehicle models are experi-
mentally validated, ensuring that the generated accelerations are representative of actual
driving conditions. These acceleration signals serve as the reference specific forces for the
motion cueing algorithm that drives the simulator platform.

The resulting data shows lateral accelerations within the range of approximately i4m/s2,
longitudinal accelerations up to 1.25 m/s?, and decelerations reaching —5m/s>. These dy-
namic variations are used to evaluate the simulator’s motion cueing effectiveness and its re-
lationship with simulator sickness development. The reference provided to all MCAs (MPC
based and AW) was scaled down by a factor of 0.3 and 0.4 for the longitudinal and lateral
vehicle accelerations, respectively. The choice of the scaling factors is coherent with our
paper using MPC in conjunction with a frequency splitting MCA (Jain et al., 2023b), where
it was based on participant feedback obtained during pilot studies to enhance realism, and
on other studies using similar scaling factors (Bellem et al., 2017; Lamprecht et al., 2022).

6.3.3 Results

Subjective Realism Ratings

Based on participant realism scores collected during the experiment, a subjective evalua-
tion of the motion cueing algorithms was conducted. figure 6.4 presents a summarised box-
plot of the ratings for the different motion cueing configurations. The results indicate that
the three conditions with platform motion (M PCw,,,,09, M PCw,,,o, and AW) received
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closely clustered ratings across all realism criteria. In contrast, the N M (no motion) con-
figuration consistently received the lowest scores, indicating that participants perceived it
as the least realistic. These findings imply that the absence of motion cues in the NM
configuration significantly reduced the sense of immersion, making it feel less like a real
vehicle drive. Conversely, the other configurations were perceived to deliver comparable
levels of realism and immersion, reinforcing the value of motion-based cues in enhancing
perceived driving fidelity.

Figure 6.4 highlights statistically significant differences between the configurations, calcu-
lated using analysis of variance (ANOVA), using asterisks (‘*’). These markers indicate that
each motion-based configuration exhibits a statistically significant difference in perceived
realism when compared to the N M configuration. However, no significant difference is
observed among the motion-based configurations themselves, further supporting the con-
clusion that they provide a comparable level of immersive experience.
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Figure 6.4: Realism scores obtained for the different algorithm configurations during the human-in-the-loop val-
idation experiments. “*’ represent significant differences, circles represent the mean, solid lines represent the
median, boxes represent 25th and 75th percentiles, with ‘X’ capturing the full range including outliers.

Motion Sickness Ratings

The experimental motion sickness (MISC) as a function of time is presented in figure 6.5,
along with the predictions from the model framework. Coloured lines represent experi-
mental (solid) and predicted (dashed) results for the four configurations used in the exper-
iment. The black dotted line shows the predicted motion sickness if the scenario would be
driven in a real vehicle with external vision. Dropout rates and variance are predicted us-
ing the SVC model in conjunction with our population-based motion sickness model (Kotian
et al., 2023, 2025).

The experimental data aligns well with the MISC levels predicted by the model framework.
Although experimental values do not exactly match the model predictions, they follow a
similar trend across configurations (see figure 6.5). The SVC model generally overestimates
MISC levels relative to the observed data, with the exception of the M PCw,,,,, configura-



tion, where the predictions are lower than the measured values at the end of the experi-
ment.

As predicted by the model, in the experiment, the N M configuration results in the lowest
levels of motion sickness. Slightly higher levels are seen with the M PCw,,, o configu-
ration, followed by AW, and the highest levels are recorded for M PCw,,,,. This trend
confirms that increasing the weight on sensory conflict leads to a reduction in motion sick-
ness, as expected from the offline analysis in figure 6.2. Additionally, only one participant
dropped out in the M PCw,,, ¢ condition, compared to sixin M PCw,.,o and four in the
AW condition. This confirms that the M PCw,,, o is capable of extending the exposure
time in the simulator.

The experimental MISC data were checked for condition effects and order effects using the
mean MISC over the last lap. For this analysis, participants who dropped out had their MISC
level assumed to be 6 from the point of dropout until the scheduled end of the experiment.
The statistical significance, calculated using analysis of variance (ANOVA), is tabulated in
Table 6.3, and boxplots are shown in figure 6.6. There was a significant overall effect of
conditions on MISC, and there was a significant difference between the pairs (a) N M and
MPCw,,,,(b) NM and AW (c) M PCw,,,9 and AW (d) M PCw,, o and M PCw,,,,,
whereas, no significant differences were found between (a) NM and M PCw,,, 9 and (b)
AW and M PCw,,,,. However, there were no significant differences because of order
effects, i.e., the order in which the participant was subjected to the algorithms did not
have a significant effect on the output of the experiment.

Table 6.3: MCA Condition effects on MISC
(Overall p-value< 0.01)

pairs p-value
NM MPCw,,,09 0.26
NM MPCuw.,,, <0.01
NM AW <0.01
MPCw, 09 MPCuw,,y <0.01
MPCw,09 AW 0.049
MPCw,,,q AW 0.17

In figure 6.7, we compare the histogram of individual MISC levels at the end of the exper-
iment, as predicted by the model framework and as observed in the experimental data.
While there are some deviations in the exact occurrence across MISC levels, the overall
trend is reasonably well captured by the motion sickness model. The most notable dis-
crepancy occurs at MISC level zero, where the model underestimates the proportion of
participants reporting no motion sickness, failing to predict a MISC of zero for a substantial
segment of the population.
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Figure 6.5: Experimental MISC responses along with model predictions for all scenarios considered in the exper-
iment. The solid lines represent the data collected during the experiment, and the dashed lines represent the
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6.4 DISCUSSION

This work addresses a pivotal gap in the domain of driving simulator motion cueing by di-
rectly integrating motion sickness mitigation as an explicit control objective. Historically,
the development of MCAs has emphasised fidelity in motion perception, often overlooking
the physiological consequences of simulator use, especially motion sickness. While prior
works have explored high-fidelity motion rendering through MPC, to the best of the au-
thors’ knowledge, no work has incorporated advanced motion sickness models, such as
the 6-DoF subjective vertical conflict model (SVC) (Wada et al., 2020), to anticipate and
suppress motion sickness.

The algorithm introduced here not only enhances the perceptual accuracy of motion (via
specific force tracking), but also integrates a dedicated cost term that helps to minimize
human discomfort through sensory conflict. This dual-objective formulation represents a
significant methodological advancement.

A notable strength of this work is the experimental validation of this predicted improve-
ment. Through simulation, objective metrics (like RMSE and shape similarity), and human-
in-the-loop evaluation, the proposed solution was shown to be robust across both algorith-
mic performance and perceptual quality. The experimental results confirm that sensory
conflict minimisation, even at the expense of reductions in specific force magnitude, can
lead to a statistically significant improvement in user comfort without degrading immer-
sion and realism. The successful prediction of MISC levels using a population-based SVC
and sickness accumulation model further emphasises the algorithm’s predictive validity
and practical utility.

6.4.1 MISC Prediction

In a novel contribution to the field, this work presents the first-ever quantitative prediction
of absolute motion sickness levels using the SVC model in combination with a sickness ac-
cumulation model in driving simulator motion cueing. Here we build on our recent papers
where we combine the SVC model with an accumulation model and estimated individual
parameters to capture experimental MISC values in vehicle and driving simulator exper-
iments (Kotian et al., 2023, 2025). Prior research has predominantly focused on trends
or qualitative sickness development; in contrast, our approach enables the prediction of
absolute MISC scores. As sickness varies between individuals, we generalise our model us-
ing population-representative parameters. As a result, we provide predicted average MISC
responses, accompanied by the standard deviation to capture inter-individual variability.
This methodology offers a new standard for objective, model-based evaluation of motion
sickness in simulator contexts.

As shown in figure 6.5, the MISC predictions (represented by dashed lines) follow a trend
similar to the experimental data (represented by solid lines). Additionally, the predicted
MISC levels remain close to the actual values recorded at the end of the experiment.

Interestingly, the adaptive washout and the configuration M PCw yield very similar

con0



MISC predictions. However, in the experiment, adaptive washout was more sickening.
Likewise, the experimental MISC fluctuates more across time, whereas the predicted MISC
increases more gradually, providing scope to enhance the accumulation model and its pa-
rameters. MSSQ was reported to be higher in the participants of this experiment, indicating
an above-average susceptibility, but the experimental MISC was not higher than the model-
predicted MISC. However, MSSQ is an imperfect predictor of susceptibility, see Irmak et al.
(2025) for a recent discussion. Certain instances of false cues may have a higher/bigger im-
pact on motion sickness than others, which the model may not be able to discern/quantify
(such as prepositioning or coupled translational and rotational motion). However, even
with these discrepancies, the trend of prediction of motion sickness severity by the SVC
model still matched the measurements. This is particularly evident comparing M PCw,. .,
MPCw,,,n9 and N M, where the experimental results follow the trend predicted by the
SVC model.

A generalised rather than individual-specific motion sickness model was used in the MCA.
Nevertheless, the use of generalised parameters still proves valuable for reducing motion
sickness. This is because it is more important to lower the sickening stimuli than to pre-
cisely predict their impact on MISC levels. In the developed algorithm, sensory conflict is
minimised over all time points in the MPC horizon and the slow accumulation process is
ignored. One of the reasons for doing this is to make the problem computationally feasi-
ble. The offline predictions and the experiment demonstrate that this effectively reduces
sickness over the entire experiment duration.

6.4.2 Realism

This work evaluates realism through both subjective and objective measures. The objective
metrics include specific force tracking and the shape similarity factor. figure 6.4 indicates
that the perceived realism is not significantly impacted by the different motion cueing al-
gorithms. Only no motion had reduced realism perception. Realism remained consistent
across the model predictive control (MPC) algorithms and the adaptive washout algorithm,
even when the overall motion was substantially reduced, as evidenced by the reduction in
specific force RMSE reported in table 6.2. These findings suggest that shape similarity, as
calculated by the Pearson correlation coefficient, is a more reliable indicator of perceived
realism than the specific force RMSE. This implies that the temporal shape of the motion
signal plays a more critical role in realism perception than the magnitude of the experi-
enced forces. Additional data is needed to determine whether realism remains consistent
across the entire weight spectrum, particularly in the range w,,, =0t0 0.9.

It would have been interesting to query the perceived realism continuously, as done in Cleij
et al. (2017), to get a better understanding of where exactly in the maneuver the realism
breaks down instead of getting a single value over the entire drive. However, in the current
study, this could not be done as the participants were already reporting motion sickness
levels, and we did not want to increase the mental load of the participants, at the risk of
disrupting immersion.



6.4.3 Motion Sickness Manipulation

A key finding is that the algorithm is capable of significantly reducing motion sickness while
preserving the perception of motion. Subjective results revealed that a conflict weight of
W,,, = 0.9 resulted in an average end MISC level of 2 across participants. In contrast, both
the adaptive washout and the MPC configuration with only specific force tracking yielded
an average MISC level of 3. This reduction was achieved without any significant reduction
of perceived realism. Another important finding is that the MPC-based algorithm, with no
restriction on motion sickness (M PCw,,,), outperforms the adaptive washout algorithm
in terms of specific force reproduction.

Although this work specifically targets the reduction of motion sickness, the algorithm can
also be configured to recreate motion sickness in real vehicles. For example, the model pre-
dictions in figure 6.5 indicate that, in this scenario, replicating real-vehicle motion sickness
within a driving simulator would already be nearly achieved with either AW or M PCw,. 0.
To minimise motion sickness, the sensory conflict is given a reference of zero. However, by
feeding the actual sensory conflict, calculated from real vehicle data, into the MPC as ref-
erence, motion sickness can be intentionally reproduced. This could prove valuable for as-
sessing how sick an occupant may feel when exposed to specific automated driving styles,
and for conducting human-acceptance or behavioural studies within a simulated environ-
ment, especially in cases where real vehicle and simulator responses are directly compared.

The experimental validation confirmed that the no-motion case resulted in the least amount
of sickness, as predicted by the SVC model. However, no motion was rated as the least re-
alistic. This aligns with Romano et al. (2016), where the perceived fidelity improved with
the addition of motion to the simulator platform, accompanied by an increase in motion
sickness. However, this does not align with the meta-analysis of de Winkel et al. (2022),
where enhanced visual fidelity reduced motion sickness for moving base, but not for fixed
base, indicating that increasing the visual fidelity may be responsible for inducing more
sickness. In our experiment, the frontal view was the main focus, thus, the peripheral vi-
sion was blocked. This blocking of peripheral vision may have limited the visual influence
on participants’ sickness levels. In the SVC model used in this study, the visual input is re-
stricted solely to the visual rotational velocity, which is assumed to be perfectly congruent
with the actual rotational velocity of the visual stimuli presented on the screen. This sim-
plification may be a limitation, underscoring the need for more comprehensive modelling
approaches that more accurately reflect the complexity of visual systems.

6.4.4 Yaw

In this study, yaw motion was controlled via a traditional washout algorithm, which does
not consider motion sickness in its design. This decision was made to simplify the MPC com-
putation and limit computational load. A recent study found missing and false yaw cues to
affect perceived fidelity and sickness with a similar magnitude as missing and false longi-
tudinal and lateral cues, although the significance of these effects was not reported (Kolff
et al.,, 2025). Future work may explore integrating yaw dynamics into the MPC framework
to potentially improve sickness mitigation and deliver more precise rotational cueing.



6.5 CONCLUSION

The developed motion cueing algorithm demonstrates a strong capability to reduce motion
sickness while maintaining a realistic perception of vehicle motion. Experimental results
show that increasing the weight for sensory conflict within the model predictive control
framework leads to a noticeable reduction in motion sickness experienced by participants.
This confirms the effectiveness of penalising sensory conflict as an explicit control objective
in an MPC-based motion cueing algorithm.

Subjective evaluations further reinforce the findings, with participants rating motion-based
configurations significantly higher in realism compared to the no motion baseline. Even
low-amplitude motion significantly enhances perceived motion fidelity compared to no-
motion conditions.

In summary, this work marks a significant advancement in motion cueing design by success-
fully integrating a perceptually-informed motion sickness model directly into the control
framework. The algorithm not only proves effective in reducing motion sickness through
both simulation and human-subject validation, but also demonstrates that motion fidelity
can be preserved while optimising for comfort. This achievement paves the way for more
immersive and tolerable long-duration driving simulation experiences, setting a new bench-
mark for future motion cueing algorithms.
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Discussion

In the end, it’s not the outcome that defines us, but how we faced it.

Erwin Smith




This chapter summarises the main findings of this thesis and their implications, and presents
the main recommendations for future work.

7.1 FINDINGS AND THEIR IMPLICATIONS

Here, we reflect upon the findings in relation to the three research objectives addressed in
this thesis, as defined in chapter 1:

Objective 1: Collect, measure and predict motion sickness in person-specific metrics.

Objective 2: Evaluate how vision influences perception and motion sickness in humans
and computational models

Objective 3: Develop a personalisable mathematical model capable of predicting variance
in motion sickness, for application in motion cueing algorithms that regulate
sickness in driving simulators.

Chapters 2 and 4 pertain to Objective 1, chapters 3 and 5 to Objective 2, and chapters 4
and 6 to Objective 3.

In chapter 2, the relationship between stimulus amplitude and motion sickness develop-
ment is studied. The effect of a sinusoidal stimulus with different magnitudes in different
sessions was tested on participants with their eyes closed. Group-level analysis indicates
that sickness severity expressed in MISC increases linearly with acceleration amplitude.
Here, Oman’s model was adopted as an accumulation model to describe time evolution, in-
cluding recovery after exposure and hypersensitivity, of motion sickness. Importantly, we
note that the time constants governing motion sickness development vary between individ-
uals, but are independent of the acceleration amplitude. A group-level fixed output scaling
with an exponent of 0.4 enables Oman’s model to accommodate stimulus-amplitude vari-
ations under the tested conditions, and the model can forecast the temporal evolution of
sickness beyond brief initial exposure. Overall, these findings enable improved modelling
of sickness accumulation in mixed-acceleration environments, pre-screening for motion-
sickness experiments, and tuning of automated driving algorithms for individual passen-
gers. These results address Objective 1.

In chapter 3, the first broad validation of vision effects within state-of-the-art motion per-
ception and motion sickness models is presented. The Subjective Vertical Conflict (SVC)
(Kamiji et al., 2007; Kotian et al., 2024; Wada et al., 2020) and Multi-Sensory Observer
Model (MSOM) (Clark et al., 2019; Newman, 2009) models were tested with visual loops se-
lectively enabled or disabled across stimuli covering sickness frequency sensitivity, slalom
driving, and fundamental perception paradigms. Of the nine tested model variants, none
reproduced all experimental sickness and perception results. The SVC;-VR model, which
includes visual rotational velocity (VR) perception, was found to best predict the effects
of different vision conditions on sickness development; however, perceptual predictions
by the SVC;-VR model do not match data for certain paradigms (e.g., somatogravic illu-
sion, tilt perception in a centrifuge). All perceptual data are accurately matched by the



MSOM-VR+VV variant (visual rotational velocity (VR) and visual vertical/orientation percep-
tion (VV)), yet the MSOM fails to reproduce the well-known sickness-frequency sensitivity.
Consequently, no single model captures both motion sickness and motion perception. The
strong match between SVC;-VR and motion sickness data supports conflict theory, impli-
cating verticality (subjective vertical) conflict as the primary driver of sickness. The SVC;-VR
model, subsequently referred to as SVC-VR in the next chapters, was selected as the best
compromise for sickness prediction and served as the basis for motion sickness modelling
and mitigation in further chapters. These conclusions address Objective 2.

Chapter 4 presents a novel framework for predicting motion sickness (in terms of MISC)
accumulation in time by combining a group-average ‘conflict generation” model with an
individualised ‘conflict accumulation’ model. Using acceleration and angular rotational
data, the model parameters were tuned to each individual’s motion sickness response. By
fitting across various conditions and different datasets, the model estimates a single pa-
rameter set per participant, enabling a highly personalised understanding of their motion
sickness dynamics. This framework achieves an average RMSE of 1.54 with just two esti-
mated and personalised parameters — a gain (K;) and a time constant (7). The combined
conflict generation and personalised accumulation model yields 34% improvements over
traditional group-averaged models (1.54 RMSE for AM2 vs 2.06 RMSE for AMO). Stochas-
tic modelling of the parameter distribution is further found to enable effective sampling
for untested scenarios, enhancing adaptability and reducing reliance on extensive human
testing, thereby supporting personalised applications in driving simulators and real-world
automated-vehicle contexts. These results address Objective 1 and 3.

Chapter 5 investigates human pitch motion perception under varying visual and mechani-
cal motion conditions and evaluates the predictive performance of the Subjective Vertical
Conflict (SVC) model. Participants consistently underestimated pitch rotation amplitude by
around 20% and exhibited an average response delay of 0.75 seconds, with no significant
effect of different vision conditions in the presence of full platform motion. Using published
parameter values, the tested SVC models produced highly unrealistic pitch perception pre-
dictions. Especially the SVC-VR model, which omits visual verticality perception, predicted
an incorrect motion direction in the Only Vision condition. Retuning the SVC-VR model
significantly improved its fit to the human response data, and incorporating vestibular per-
ception thresholds further enhanced accuracy. These findings reveal the complexity of
sensory integration in motion perception and expose limitations of current models. These
conclusions address Objective 2.

In chapter 6, a novel motion cueing algorithm is proposed that explicitly reduces motion
sickness as predicted by the Subjective Vertical Conflict (SVC) model using a Model Pre-
dictive Control (MPC) algorithm. The cost function penalises both sensory conflict and
specific-force errors to balance fidelity and comfort. Human-in-the-loop experiments com-
pared four simulator motion settings: reference Adaptive Washout and No Motion cases,
as well as two variations of the MPC-based algorithm, one emphasising pure specific force
tracking and the other balancing specific-force tracking with sickness minimisation (i.e.,
‘compromise’ solution). The experiments were performed on a hexapod driving simulator
with participants exposed to passive driving. Experimental motion sickness results closely
matched the sickness model predictions. As predicted by the model, the No Motion condi-



tion yielded the lowest sickness levels, but was rated lowest for fidelity. The compromise
MPC-based solution reduced sickness by over 50% (average MISC level 3 to 1.5) compared
to the Adaptive Washout and the MPC focusing purely on specific force tracking, without a
significant reduction in fidelity rating. This model-based approach that takes into account
both the simulator dynamics and time evolution of motion sickness offers a significant ad-
vancement in achieving an optimal control of motion sickness and specific force recreation
in driving simulators, supporting broader simulator use. These conclusions address Objec-
tive 3.

Collectively, the findings address the three objectives. Objective 1 is addressed by col-
lecting new experimental datasets and combining different available datasets that mea-
sure motion sickness using person-specific metrics, specifically through the Mlsery SCale
(MISC), to capture participants’ unique response profile during driving simulator and au-
tomated vehicle exposure with varying vision and motion conditions tested on the same
participants. This resulted in a total of four datasets obtained from real vehicle driving and
four datasets obtained from tests on a simulator across varying vision and motion condi-
tions. These datasets enabled the development and validation of person-specific predic-
tion models for motion sickness. Objective 2 is addressed through systematic validation of
vision effects in state-of-the-art motion perception and motion sickness models, revealing
that no single model reproduces all experimental sickness and perception data. Models
incorporating both visual rotational velocity and orientation perception align more closely
with perceptual outcomes, while others (specifically the SVC with only a visual rotational
velocity input) better capture sickness dynamics, underscoring the need for models that
simultaneously and accurately capture perceptual outcomes and sickness dynamics. Ob-
jective 3 is achieved by the novel model framework that combines a group-average conflict
generation model with an individualised accumulation model, providing strong predictive
accuracy. By using it in a Model Predictive Control motion cueing algorithm, sickness can
be reduced by over 50% relative to the baseline, without a significant loss in fidelity. To-
gether, the work provides a coherent pathway to personalised prediction and mitigation
of motion sickness, clarifies the limits of current perceptual models under visual-vestibular
conditions, and yields practical modelling and control strategies for driving simulators and
real-world automated-vehicle applications.

7.2 CONCLUSION

As the role of car occupants shifts from active drivers to passive passengers in automated
vehicles and driving simulators, the relevance of motion sickness as a key challenge is grow-
ing. This dissertation systematically examined the mechanisms driving motion sickness, in-
troduced advanced modelling frameworks for its accurate prediction, and applied them in
motion cueing algorithms for motion sickness mitigation. Through a combination of experi-
mental and modelling approaches, this work identifies the mechanisms underlying motion
sickness, focusing on how these conflicts accumulate over time and how visual conditions
alter both perception and sickness responses.

A central contribution is the development of a person-specific predictive model framework



that captures pronounced individual variability with a limited set of parameters. These
frameworks enable accurate, person-specific predictions by estimating just a few individu-
alised parameters, yielding clear improvements over traditional group-averaged approaches.
Building on these insights, a model-predictive control (MPC) motion cueing algorithm was
developed and shown to significantly reduce motion sickness in simulators without sacri-
ficing realism, providing a highly valuable tool for both research and practical vehicle ap-
plications. Collectively, these advancements contribute towards new understanding and
practical methods for predicting and controlling motion sickness, supporting automated
vehicles and simulators that can adapt in real time to individual comfort requirements.

As automated mobility systems become more prevalent, the ability to predict and control
motion sickness in a personalised manner will be essential for user acceptance and com-
fort. This thesis delivers a rigorous foundation for personalised prediction and mitigation,
clarifying where current perceptual models succeed and where they need refinement un-
der visual—vestibular conditions. It charts a path toward adaptive mobility systems that
intelligently accommodate the unique profiles of passengers, thereby enhancing comfort
and supporting the broader adoption of automated transport technologies.

7.3 RECOMMENDATIONS FOR FUTURE WORK

Based on the findings and limitations discussed above, several recommendations for future
research and methodological improvement are warranted.

Firstly, the present work relied on data which used the Mlisery SCale (MISC) by Bos et al.
(2005) for quantifying motion sickness responses. This consistency in measurement was es-
sential, as motion sickness scales are not interchangeable and no established conversions
between them exist. Without a common scale, datasets cannot be pooled, parameters can-
not be estimated robustly, and models cannot be compared or ruled out fairly. Using MISC
across studies (or at least alongside other measures) will enable larger shared datasets,
which we need to identify mechanisms, improve models, and move toward a single model
that covers both perception and sickness.

Second, the experiments described in chapter 2 and chapter 5 were constrained in the
range of vision and motion conditions explored, respectively. Expanding the amplitude
range in motion perception paradigms and increasing the variety of vision manipulations in
motion sickness studies would allow for a more comprehensive assessment of both model
predictions and human variability. Such expanded testing would better inform the param-
eterisation and broader applicability of the proposed models. Steps towards this have al-
ready been taken by Bos et al. (2024), where the experimental protocols have been ex-
tended to incorporate wider motion profiles and ranges. However, these extensions do
not yet systematically vary visual conditions. This is crucial as without controlled variation
in visual cues, we cannot identify model parameters tied to vision, test visual-vestibular
interactions, or validate models across the conditions they are meant to predict. Experi-
mental designs that combine wider motion profiles with systematic visual manipulations
are therefore needed.



In addition, vision modelling should be improved. Currently, the models implement vi-
sion in three ways: external, internal, or not at all. Visual inputs are limited to rotational
cues—visual rotational velocity (VR) or visual vertical (VV). This leaves a major gap. Con-
flicts driven by linear visual motion are not represented. Yet in cars, stop—go, braking, and
lateral translations are often the most nauseogenic. Future work should therefore capture
and model translational optic flow. Additionally, enabling real-time extraction of both ro-
tational and translational visual motion (similar to what was done by (Liu et al., 2024)) and
integrating these with vestibular signals would let models respond to changing inputs and
better predict visually driven conflicts.

A further recommendation is that individualisation can be further improved by also en-
abling a personalised conflict generation model. Evidence by Irmak et al. (2021) indicates
substantial interpersonal variability in the conflict generation model as well. Future mod-
elling should therefore also address individualisation of the conflict generation compo-
nent, for example, by personalising feedback gains that capture individual differences in
the weighting of visual signals (such as K, in the SVC-VR model by Wada et al. (2020)).
This refinement would enable the modelling framework to perhaps better account for varia-
tions in sickness sensitivity under visually rich conditions, while leaving responses to purely
vestibular stimuli unaffected, thereby improving the accuracy of personalised predictions.

Itis alsoimportant to strengthen validationin real vehicles. Although several vehicle datasets
were used in this dissertation alongside simulator studies, further on-road experiments are
encouraged to corroborate simulator findings and assess contextual effects (e.g., natural
head posture, task engagement, traffic environment). Studies such as Irmak et al. (2020);
Talsma et al. (2023) provide relevant examples. While operationally and logistically de-
manding, such work is necessary to generalise conclusions to naturalistic settings.

The current MPC-based motion cueing implementations utilise only the (group-level) con-
flict generation aspect of the modelling framework, reserving the (individualised) accumu-
lation model for retrospective assessment and analysis only. Incorporating both conflict
generation and individualised accumulation models in real-time MPC operation is likely
to yield further gains in motion sickness mitigation and also enable a ‘replication mode’,
where the controller targets a desired sickness trajectory observed in real vehicles. This
would make it easier to match simulator and on-road experiments, transfer and validate
parameters across platforms, and address the key challenge of joint model-experiment
benchmarking.

Moreover, while this dissertation focused on applications in motion cueing algorithms, the
underlying frameworks have direct applications for motion planning (Jain et al., 2023a).
Future work could leverage these models to develop motion planning algorithms that op-
timise not only time and efficiency, but also ride comfort along given routes. Such sys-
tems could offer user-selectable modes akin to ‘eco’, ‘sport’, or ‘comfort’, balancing travel
objectives and motion sickness mitigation as suited to individual passenger preferences.
Additionally, we can use the sickness model within active suspension control to work back-
wards and minimise predicted conflict. The controller shapes chassis motion by adjusting
damping and roll or pitch to reduce perceived accelerations and dose, which improves ride
comfort and lowers sickness along the route (Zheng et al., 2022).



Future research should extend the current modeling framework to address active control
scenarios. Throughout this thesis, we applied the observer framework primarily to passive
motion. In these cases, the internal model relies on sensory feedback to estimate the state.
However, the complete observer theory by Oman (1982) also relies on an efference copy.
This is a copy of the motor commands used to predict self-motion. This component was not
used during the passive tests in chapters 3 and 4. Future applications of these models to
active driving must include this mechanism. This is necessary to explain why active drivers
are much less likely to get sick than passengers.

Collectively, these recommendations can enable broader generalizability, more precise per-
sonalisation, and enhanced applicability of motion sickness models and mitigation strate-
gies, supporting further advances in both the scientific understanding and practical man-
agement of motion sickness in simulated and real-world transport environments.
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A.1 SUPPLEMENTARY FIGURES
A.1.1 Individual Normalised MISC Rate

Figure A.1 shows the normalised MISC rate in the first motion exposure as a scatter plot
with respect to the amplitude condition for all individuals that took part in the study. The
MISC rate is normalised against the maximum MISC rate observed for a participant across
all of their conditions. This gives a better representation of the amplitude sensitivity of the
participants.

A.1.2 Model Fits to All Individual Responses

Figure S2 shows the fits of the three model variations for all participants and all conditions.
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Figure A.1: Normalised MISC rate obtained from dividing the MISC at the end of the first motion exposure with
the time to the end of the first motion exposure, shown for all individuals
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A.2 SICKNESS FORECASTING

Figure S3 shows extrapolations from MISC 3 to the end of the first motion phase, for the
Oman model (in orange) and real observation (in blue) for all participants.
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Figure S3: Extrapolations from MISC 3 to the end of the first motion phase, for the Oman model (in orange)
and real observation (in blue) for all participants. The columns show responses for each amplitude condition,
increasing in magnitude from left to right. The rows show results for each participant. The blue shaded area gives
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B.1 VISION PARAMETER SENSITIVITY

Figures B.1 to B.3 show the vision loop gain parameter sensitivity for all three models, i.e.,
SVC;, SVCy, and MSOM. The feedback gains for both the vision loops (visual rotational
velocity and visual vertical) are varied from 0 to 20 and the frequency and amplitude sen-
sitivity responses for sinusoidal pitch oscillations with ‘external vision’.

In the SVC; model, it is observed in figure B.1 that a higher gain for the visual vertical
shifts the peak conflict frequency to a higher frequency. As K,,;; approaches 20, the peak
conflict frequency approaches 0.5 Hz. On the other hand, a higher gain for visual rotational
velocity (K,,,;,) only reduces the conflict levels by providing correct estimates of pitching
oscillations, which is the simulated input.
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and K, for the SVC; model
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Figure B.2 shows the effect of K,,,,;; and K,,;; on the SVCy; model. The effects are simi-
lar to effects in the SVC; model where, higher gains for the visual vertical move the peak
conflict frequency to higher frequencies (around 0.5 Hz), while higher gains on the visual

rotational velocity conflict reduce the conflict levels.
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In the MSOM, the use of visual rotational velocity reduces the magnitude of conflict, see
figure B.3. The higher the gain on the visual rotational velocity (K,,,), the higher the reduc-
tion of conflict. The visual vertical feedback gain setting also has a similar effect on conflict.
The higher the gain on the visual vertical (K,,,), the higher the reduction of conflict. Also,
as seen in section 3.3.3, the visual vertical does help in motion perception tests.
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Figure B.3: Frequency sensitivity of integrated conflict with sinusoidal pitch oscillations for varying values of K,

and Kgu, for the MSOM model

B.2 PURE YAW SIMULATIONS

As discussed in section 3.3.1, pure yaw rotations lead to no verticality conflict generation
in any of the three models. This is due to the pure yaw motion not having any effect on
the verticality vector. There are other conflict terms in the models that do get affected by
pure yaw motion, however, these terms are not used for sickness predictions in our study.
This absence of motion sickness holds true even with the presence of vision. Figure B.4
shows that different amplitudes of sinusoidal yaw at different frequencies show no motion
sickness (zero conflict generation) and are thereby not visible in plots.
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Figure B.4: Frequency sensitivity of integrated conflict with sinusoidal yaw oscillations for different vision condi-
tions: ‘no vision’ (eyes closed), ‘external vision’ (eyes open and with outside view), ‘internal vision’ (eyes open
and without outside view), ‘only vision’ (no motion) for the SVC;, SVC,; and MSOM model



B.3 SLALOM DRIVE

Here, the aim was to analyze the effect of the applied motion DOF on the magnitude of
conflict which then in turn tells us about the sensitivity of motion sickness to each of these
degrees of freedom. This will demonstrate the effect of the visual pathways for different
motion degrees of freedom. The inputs, being real-world slalom drive data, are not identi-
cal for all degrees of freedom, it has high levels of lateral accelerations and yaw velocities.
Hence it is expected that different degrees of freedom will result in different conflicts. Thus,
on the removal of lateral accelerations or yaw velocities, it is expected that the conflict will
greatly change. To make these comparisons, in the following sections, each degree of free-
dom will be turned off and compared with cases of all degrees of freedom turned off and
on.

B.3.1 Effects of individual axis rotations

In this analysis, the rotational degrees of freedom are set to zero one by one. The transla-
tional degrees of freedom are left active. This is shown in figure B.5, where for each rota-
tional degree of freedom all visual and vestibular signals are set to zero to quantify their
contribution to the models’ predictions. For reference, these effects are also compared
with cases where all the rotation DOFs are removed and where all are active. The input
data has strong yaw motion throughout the slalom drive. Pitch and roll are also present
throughout the drive however, their magnitudes are much lower than the yaw. As yaw is
the dominant rotation, itis expected that the removal of yaw will significantly influence con-
flict. The roll provides compensation of sensed vertical in the lateral direction and hence
its removal will decrease conflict due to decreased error in the estimation of vertical in the
Y-direction. The longitudinal accelerations are of a lower magnitude to induce any pitch
and hence, removal of pitch is expected to have small effect on conflict.

For the SVC; model, it is observed that the removal of the yaw indeed has the strongest
effect (of increasing conflict) in all versions. Roll has a very low effect, however, it increases
conflict. This increase in conflict in the absence of yaw and roll is due to an inaccurate
estimate of vertical in the absence of yaw and roll.

For SVCy; models, it is also observed that the removal of the yaw and roll has the effect
of increasing conflict in all versions.

In both, SVC; and SVCy,; models, the removal of pitch resulted in a reduction of conflict
equivalent to that observed at no rotations. This is a consequence of the motion trans-
forming into a basic 2D rotation in yaw due to the removal of pitch, as the roll is minimal.
Consequently, the changes in verticality are reduced resulting in a better estimation of
vertical, thus reducing conflict.

For the MSOM,, it is also observed that the removal of any of the rotations has negligible
effect in all versions. However, the magnitude of conflict is still less than in the SVC mod-
els, see figure B.5. This is because the conflict selected is the otolith conflict, which was
proposed to correlate best with sickness (Irmak et al., 2023).



For all six models, yaw motion strongly affected conflict in complex 3D motion, highlighting
the importance of using recorded or simulated head yaw in motion sickness predictions.
this result is only found in the slalom drive whereas pure yaw did not elicit any conflict as
described in appendix B.2.

From the results of all six models, it is evident that the MSOM is not suitable as a conflict
generation model when strong rotations are present. The SVC; models are able to perform
as expected with the most dominant rotations in the slalom drive data having the most
effect on conflict. Thus, SVC; models are a better choice for simulations of human body
rotations.
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Figure B.5: Effect of rotational DOF on the conflict in the slalom drive



B.3.2 Effects of individual linear accelerations

In the previous section, the effects of each rotation on the models’ sickness predictions for
the slalom drive data were studied. Similarly, in this section, the effect of different linear
DOFs will be studied while including all rotations. As in the previous section, each DOF
is excluded and the data from the experiment is simulated. The results for the predicted
conflict accumulation are shown in figure B.6.

The input data has large lateral accelerations (around 4 m/s?) and that too for a larger dura-
tion than other linear accelerations. Longitudinal accelerations are mostly present at the
start and end of the drive. Finally, the vertical accelerations are of very low magnitude (less
than 1 m/sz). Thus, it is expected that the removal of longitudinal or vertical accelerations
will not result in appreciable changes in conflict. Only the absence of lateral accelerations
will produce a decrease in conflict.

In the SVC; model, it is observed that the removal of lateral accelerations reduces conflict.
Removal of longitudinal or vertical accelerations has very little effect on conflict accumula-
tion due to their small magnitudes. These results imply that the linear degrees of freedom
do have a large effect in models on SVC; model.

For the SVCp; model, the results are consistent across the three different versions: the
removal of lateral accelerations has the most effect (of reducing conflict), followed by the
removal of longitudinal accelerations. The omission of vertical accelerations only has no
effect on the conflict. These results are as expected.

In the MSOM,, it is observed that the variations in conflict accumulation due to switching
off the accelerations are greater than due to switching off the rotations. When no linear ac-
celerations and only rotations are applied, MSOM reports very low conflicts. This indicates
that the conflict in MSOM is heavily dependent on linear accelerations and not on rota-
tions. When the lateral accelerations are removed, there is a strong reduction in conflict.
However, when the vertical acceleration input is disabled, no change in conflict compared
to the ‘all accelerations’ case is observed. Longitudinal accelerations have an intermediate
effect.

From these results, it is evident that the otolith conflict term in the MSOM very strongly
depends on linear degrees of freedom, while conflict from SVC; and SVC,;; models have a
very low dependency on the linear degrees of freedom. Of all the models, only the SVC,;-VR
and all of the SVC,; models are able to match the desired results.
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Figure B.6: Effect of linear acceleration on conflict in the slalom drive



B.4 VISUAL-VESTIBULAR MOTION SICKNESS
(VVMS) MODEL

The Visual-Vestibular Motion Sickness (VVMS) model, a variation of the SVC model devel-
oped by Jalgaonkar et al. (2021); Sousa Schulman et al. (2023), incorporates visual inputs
based on the non-linear visual-vestibular interaction model proposed by Telban and Car-
dullo (2001). It includes the ‘visual rotational velocity’ (‘VR’), similar to SVC and MSOM
models, and introduces ‘visual inertia’ (‘VI’). However, at this moment the VVMS model
lacks empirical validation and raises doubts about its physiological basis due to human lim-
itations in visually perceiving acceleration (Gottsdanker, 1956; Werkhoven et al., 1992).

Testing the VVMS model alongside the other models in our comparison revealed its pecu-
liar results in motion sickness and perception tests (appendices B.4.1 to B.4.3). We have
used the parameters as published in Sousa Schulman et al. (2023). Appendix B.4 shows that
sickness results are identical to the SVC;-VR without vision, but adding vision marginally af-
fects sickness results. Consequently, the VVMS model, in its current state, is not preferable
for motion perception or sickness predictions. The conclusion of the paper remains unaf-
fected by its inclusion in our comparison (late in the publication process), as the SVC-VR
and MSOM-VR+VV models remain superior for predicting motion sickness and perception,
respectively.

B.4.1 Motion Sickness

Sickness with Head Translation Figure B.7 shows that the responses for the VVMS model
are identical to the SVC;-VR model. This figure is an extension of figure 3.6. It can also be
noted that the effect of vision is small on the integrated conflict for the cases with physical
motion (‘external’, ‘internal’ and ‘no’ vision). The absence of motion sickness in ‘only vision’
case for the VVMS-VR is consistent with all other models.However, VVMS-VI and VVMS-
VR+VI do show sickness at low frequencies. Despite the promise shown by VVMS models
utilizing ‘VI’ in predicting sickness during pure translation, it is critical to acknowledge that
humans do not possess the ability to perceive visual inertia.
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Figure B.7: Frequency sensitivity of integrated conflict (m/s) with sinusoidal fore-aft motion for different vision
conditions: ‘no vision’ (eyes closed), ‘external vision’ (eyes open and with outside view), ‘internal vision’ (eyes
open and without outside view), ‘only vision’ (no motion) and comparison of vision cases at 0.2 Hz and 0.7 g
fore-aft motion for SVC;, SVCy; and MSOM (Plots for the 'no vision’ case are the same as in figure 3.4)



Sickness with Head Rotation The conflict accumulation can be seen in figure B.8 for mo-
tion sickness with rotations. This figure is an extension of figure 3.7. The VVMS model gives
a high-pass response with more motion sickness at higher frequencies. This behaviour re-
mains the same for ‘no’ and ‘external’ vision conditions across all variations in the VVMS
model (VR, VI, VR+VI). In the VVMS-VR model, the ‘internal’ and ‘only’ vision conditions too
show the sane high pass dynamics but with ‘only’ vision having very low levels ofconflict
and also a different peak frequency. For the VVMS models with ‘VI’, a very different fre-
quency and amplitude dynamics is seen where the peak frequency decreases with increase
in amplitude. this may be due to an occurrence of resonance at particular frequencies and
amplitudes.
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B.4.2 Motion Perception Paradigm Tests
We have queried the same signals as the other SVC models in our comparison.
EVAR (Earth Vertical Axis Rotation) and OVAR (Off-Vertical Axis Rotation) Figure B.9

shows the yaw angular velocity perception to stimuli of EVAR at 60°/s. The VVMS model
gives a perfect perception of yaw velocity in cases with physical motion (‘external’, ‘inter-
nal’ and ‘no’ vision cases). However, there is no perception of rotational velocity in ‘only

vision’ case, where there is no physical motion. This is not what was expected and seen in
Waespe and Henn (1977).
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Figure B.9: Angular velocity perception during EVAR at 60°/s;
Red cross - Result in disagreement with literature, Green Tick - Result in agreement with literature.
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Somatogravic lllusion The results for all the variations of the VVMS model (see figure B.10)

are identical to the results of the SVC;-VR model. This means there is no effect of these
visual inputs on responses to somatogravic illusion.
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Figure B.10: Pitch perception during constant acceleration of 4 m/s? (somatogravic illusion); For each condition
the upper graph shows the perceived pitch and the lower graph the perceived acceleration. Black lines describe
the applied acceleration in the lower graph, and the equivalent rotation in the upper graph.
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mation - Some of the results are in agreement with literature.
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Centrifugation The VVMS’s response to inputs representative of centrifugation are shown
in figure B.11. The response for the first 30 seconds is identical in all three variations of
VVMS mode (VR, VI, VR+VI). However, the magnitude of the perceived roll-tilt is underesti-
mated. Also, the VVMS model estimates that this illusion occurs in all conditions with phys-
ical motion, regardless of the vision condition. After around 40 seconds, the responses for
the external vision case for the VVMS-VR and VVMS-VR+VI models become unstable. This
is likely due to the lags and delays that are accounted for in the model for the visual cues

Sousa Schulman et al. (2023).
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Figure B.11: Roll-tilt perception during centrifuge at 250°/s; The black lines describe the applied motion translated

to an equivalent tilt angle.
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mation - Some of the results are in agreement with literature.



B.4.3 Motion Sickness Predictions for Real-World Sickening Drive

Figure B.12 shows the integrated subjective vertical conflict generated due to Slalom ma-
noeuvre Irmak et al. (2020), as introduced in section 3.2.2, by all the models for the consid-
ered vision cases. This figure is an extension of figure 3.11. Here, we present supplemen-
tary plots for the VVMS models. In the case of the VVMS model, it can be observed that
the predicted conflict levels are generally low when ‘only’ vision is considered, particularly
in the VR model. Conversely, the responses for the ‘external’ and ‘no’ vision conditions are
essentially identical. In contrast, the ‘internal’ vision condition exhibits the highest sickness
levels in models with ‘VI'. However, the VVMS-VR model demonstrates low conflict levels

during ‘internal’ vision.
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C.1 MOTION STIMULI IN EACH OF THE DATASETS
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Figure C.1: Slalom Drive dataset (Irmak et al., 2020) head specific forces and angular velocities for one participant
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Figure C.2: Car and Simulator dataset (Talsma et al., 2023) vehicle specific forces and angular velocities for one
participant
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Figure C.3: NDRT Drive dataset (Metzulat et al., 2024) vehicle specific forces and angular velocities for one partic-
ipant
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Figure C.5: Motion sickness responses (MISC) in Car and Simulator by Talsma et al. (2023); experiment in black,
fitted AMO in grey, AM1a in dashed red, AM1b in dotted light red, and AM2 in green, AM3 in light green, AM4a

in dashed blue, AM4b in dotted light blue, and AMS5 in violet for all participants (participant label shown on the

left) for the conditions of internal (left column) and external (right column) vision.
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C.2 Fitting results for all data
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Figure C.6: Motion sickness responses (MISC) in NDRT Drive by Metzulat et al. (2024); experiment in black, fitted
AMO in grey, AM1a in dashed red, AM1b in dotted light red, and AM2 in green, AM3 in light green, AM4a in
dashed blue, AM4b in dotted light blue, and AMS5 in violet for all participants (participant label shown on the left)

for the conditions of internal (left column) and external (right column) vision.



C.3 PARAMETER DISTRIBUTION MODEL

A 3-component Gaussian Mixture Model (GMM), as used in section 4.3.2, in 2 dimensions
can be expressed mathematically as a weighted sum of three Gaussian distributions. The
model is given by:

3
po) =Y 7N (x|p;.8))
j=1

Where:

- p(x) is the probability density function of the GMM. - z; is the weight of the j-th Gaussian

component, satisfying Ele mp= 1. - /V(xlyj,j) is the Gaussian density function, defined
as:

1

N (X|p;.B;) = exp

(-3 - mpTe - )

In this expression, Hjis the mean vector of the j-th Gaussian component, and @, is the 2x2
covariance matrix.

C.4 DISCRETISED PREDICTIONS

6 6
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(a) On Road (b) On Track

Figure C.7: Experimentally reported MISC and discretised Predictions of MISC on the ‘Sickness recreation’ dataset
(Harmankaya et al., 2024) from sampled parameter sets from the probability density function of the parameter
distribution (estimated gain (K;) and time constant (7})) for the AM2 model.
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C.5 PARAMETER DISTRIBUTION
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(a) Slalom drive dataset
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Figure C.8: Parameter distribution (estimated gain (K) and time constant (7)) for the AM5 model (blue) with

median values (black) for the three datasets
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Figure C.9: Parameter distribution (estimated gain (K;) and time constant (T7)) for the AM4b model (blue) with
median values (black) for the three datasets
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Figure C.10: Parameter distribution (estimated gain (K;) and time constant (77 )) for the AM4a model (blue) with

median values (black) for the three datasets
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Dataset: Slalom Drive
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Figure C.11: Parameter distribution (estimated gain (K;) and time constant (T;)) for the AM3 model (blue) with
median values (black) for the three datasets
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Figure C.12: Parameter distribution (estimated gain (K;) and time constant (7)) for the AM2 model (blue) with

median values (black) for the three datasets
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(a) Slalom drive dataset
Dataset: Car and Simulator No. of Params: 1
600 600 4000 - 4000 -2
500 - 500 -
3000 - 3000 15
400 A 400 A
300 A 300 A 2000 - 2000 -1
- 1000 0.5
-0 -0
T,(s) p
(b) Car and Simulator dataset
Dataset: Sickness with NDRT No. of Params: 1
600 600 4000 - 4000 -2
500 500
3000 - - 3000 1.5
400 - 400 -
300 A 300 A 2000 - 2000 -1
200 A 200 A1
1000 -+ - 1000 0.5
100 - 10
O | | -/_ 0 i 0
K, K, T, (s) T, (s) p

(c) NDRT Drive dataset

Figure C.13: Parameter distribution (estimated gain (K ) and time constant (7)) for the AM1b model (blue) with
median values (black) for the three datasets
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Figure C.14: Parameter distribution (estimated gain (K;) and time constant (77 )) for the AM1a model (blue) with
median values (black) for the three datasets
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Figure C.15: Parameter distribution (estimated gain (K;) and time constant (7)) for the AMO model (blue) with
median values (black) for the three datasets



C.6 MISERY SCALE (MISC)

The Mlsery SCale (MISC) for motion sickness is an established subjective measure from 0 to
10 used to quantify the severity of discomfort experienced during motion sickness based on
symptoms such as nausea, dizziness and general feeling of unwell (Bos et al., 2005). It has
now been rebranded as the Motion Illness Symptoms Classification (MISC) scale (Reuten

et al, 2021).

Table C.1: Misery SCale (MISC) as described in Bos et al. (2005); Reuten et al. (2021)

Symptoms Score
No Probliems 0
Slight discomfort but no specific symptoms 1
vage 2
Dizziness, warm, headache, some 3
stomach awareness, sweating, etc. medium 4
severe 5
some 6
medium 7
Nausea
severe 8
retching 9
Vomiting 10
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D.1 HUMAN RESPONSE VARIANCE FOR ALL CON-

DITIONS

m— P|atform Motion
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Figure D.1: Mean response across various rotational rates for ‘External Vision” with the 25th and 75th percentile

responses as the shaded region.
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Figure D.2: Mean response across various rotational rates for ‘Internal Vision” with the 25th and 75th percentile

responses as the shaded region.



D.1 Human response variance for all conditions 213

—P|atform Motion Median Response 25th-75th percentile
v W e ow s % s b s o 0

(a) 0.5 degree/s (b) 1 degree/s

Ange ()
ange ()

Time (5) Time (5)

(c) 2.5 degree/s (d) 5 degree/s

Figure D.3: Mean response across various rotational rates for ‘No Vision” with the 25th and 75th percentile re-
sponses as the shaded region.
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Figure D.4: Mean response across various rotational rates for ‘Only Vision’ with the 25th and 75th percentile
responses as the shaded region.



D.2 BOX-PLOTS FOR METRICS FOR HUMAN RE-
SPONSES

We calculated settling times, rise times, lag times and steady-state amplitude as metrics for
analysing the participants’ responses. Figure 5.6 shows how these metrics are calculated.
Analysis of variance (ANOVA) was conducted to determine whether direction, vision, or
rotational rate had a significant effect on the measured outcomes. The results are discussed
in section 5.3.1.

(a) Settling Times (b) Rise Times

(c) Lag Times (d) Steady State Amplitude

Figure D.5: Box-plots comparing the two directions of motion stimuli (+ indicates forward and - indicates rearward
pitch) averaged over vision conditions.

- - . . :

(a) Settling Times (b) Rise Times

(c) Lag Times (d) Steady State Amplitude

Figure D.6: Box-plots comparing the four vision conditions.
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Figure D.7: Box-plots comparing the four rotational rates of the motion stimuli.
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D.3 MSOM MODEL PARAMETERS

Table D.1: MSOM model parameters adopted from Kotian et al. (2024) and the original sources

Parameter Value Explanation
Symbol P
K, -4
Vestibular Iff g asin
Feedback Gains fo Newman (2009)
K, 8
K, K, /(K,+1)
K, 0.1
Visual K, 0.75 asin
Feedback Gains Kg 10 Newman (2009)
K,, 10
Perception asin
i 7
Time Tiee() > Merfeld et al. (1993)
Constant

D.4 COMPARISON WITH SVC MODEL
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Figure D.8: Median response across various rotational rates and various vision conditions compared with re-
sponses from the SVC model for the ‘External Vision’ condition
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Figure D.9: Median response across various rotational rates and various vision conditions compared with re-
sponses from the SVC model for the ‘Internal Vision’ condition
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Figure D.10: Median response across various rotational rates and various vision conditions compared with re-
sponses from the SVC model for the ‘No Vision’ condition
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Figure D.11: Median response across various rotational rates and various vision conditions compared with re-
sponses from the SVC model for the ‘Only Vision’ condition

D.5 COMPARISON WITH MSOM MODEL

The figures below compare the MSOM model with its published parameters to our experi-
mental data. Lines MSOM-VV+VR represent the complete MSOM model using both visual
verticality (VV) and visual rotation velocity (VR) inputs. The other MSOM lines (MSOM-VR)
and MSOM-VV) just illustrate effects of the separate loops and do not suggest that these
incomplete models should match human responses.

The results below show that with the published parameters MSOM predicts overall rea-
sonable results with notable effects of the vision loops. However with internal vision the
complete MSOM model (VV+VR) highly underestimates the perceived motion indicating
dominance of visual perception. The opposite happensin Only Vision where MSOM-VV+VR
predicts negligible motion perception.
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Figure D.12: Mean response across various rotational rates compared with responses from the MSOM model for

the ‘External Vision’ condition
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Figure D.13: Mean response across various rotational rates compared with responses from the MSOM model for
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Figure D.14: Mean response across various rotational rates compared with responses from the MSOM model for
the ‘No Vision’ condition
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Figure D.15: Mean response across various rotational rates compared with responses from the MSOM model for
the ‘Only Vision’ condition
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D.6 SVC-VR TUNING RESULTS
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Figure D.16: Mean response across various rotational rates and various vision conditions compared with re-

sponses from the re-tuned (Fit 1, 2 and 3) SVC-VR-Baseline model and (Fit 3) SVC-VR-AccelAngVelThresh for the
‘External Vision’ condition
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Figure D.17: Mean response across various rotational rates and various vision conditions compared with re-

sponses from the re-tuned (Fit 1, 2 and 3) SVC-VR-Baseline model and (Fit 3) SVC-VR-AccelAngVelThresh for the
‘Internal Vision’ condition
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Figure D.18: Mean response across various rotational rates and various vision conditions compared with re-
sponses from the re-tuned (Fit 1, 2 and 3) SVC-VR-Baseline model and (Fit 3) SVC-VR-AccelAngVelThresh for the
‘No Vision’ condition
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Figure D.19: Mean response across various rotational rates and various vision conditions compared with re-
sponses from the re-tuned (Fit 1, 2 and 3) SVC-VR-Baseline model and (Fit 3) SVC-VR-AccelAngVelThresh for the
‘Only Vision’ condition



D.7 DERIVATION OF K,. =7

Tuning the SVC parameters will affect perception and motion sickness results and may dis-
rupt the validation, as shown in Kotian et al. (2024) for the original SVC parameters. Here,
we address the effect on frequency sensitivity for motion sickness.

Irmak et al. (2023) has shown that under purely translation motion without vision, the
conflict generated by the SVC model can be given by

G5 5

H(s)= £,() w2+l +K, )5 +K,.

where f is the specific force input, 7, K,

ac’

and K,,. are system parameters.
Substituting s = jw, we get

Jjo
—ta? + jo(1+ K, 1)+ K,

H(jow)=

The magnitude of the transfer function at frequency w is

[

|H(jw)| =

(Ko —70?)” +02(1 4+ Ky 7)?

we want to find the frequency w at which the magnitude peaks by solving

d

—|H(j =0.

dwl (o)l
Let’s say,

D(w) = (K,, —70°)* + @*(1 + K, 7)?,
so that
2
H(jw)|?= -2,
Ho) = o

Taking the derivative,

20D(w) - 0> D' () _

D(w)? 0

d N
—|H =
L\ H (o)

which implies



20D(w)— > D' (w) = 0.
For w # 0, divide both sides by w:
2D(w)—wD’(w) =0.
We compute D’ (w) as
D' (w) = di [(K,. — 70 + 0* (1 + K, 7)°]
w

=2(K,. —10*)(=270) + 20(1 + K. 1)
=—-4rw(K,, — t0?) +2w(1 + KaCT)z.

Substituting back into the equation yields
2 [(K,e — 70 + 07 (1 + K, 7)?| — 0 [-4700(K,,. — 70%) + 200(1 + K, 7)*] = 0.
Expanding and simplifying,
2K, —10°)* +20° (1 + K. 7)* + 410* (K, — 70°) = 20*(1 + K, 7)* = 0,

which reduces to

2K, —10%)? +410* (K, — 10%) = 0.
Dividing both sides by 2,

(K, —10°)? +210* (K, —t0*) =0,
or equivalently,

(Ko — 10°) [(K, — T00®) + 2707 = 0.

(K, —t0*)(K o +700*) = 0.
This gives two cases:
K,—-t0°=0 or K, +tw’°=0
ve - ve -

The second case yields no real solution for w. From the first case, we find the peak fre-
quency as



This is the frequency at which the magnitude | H (jw)| achieves its maximum.

Angular frequency w (in radians per second) can be converted to frequency f (in hertz) by,

and therefore,

When K. = 7, this becomes

= — ~0.159 Hz.
f 2 z

The above derivation holds for conditions without vision. However, the frequency sensi-
tivity experiments by McCauley et al. (1976) were performed with internal vision. Figure
D.20 shows that with Fit 3 (enforcing K. = 7), the desired peak frequency is also obtained
for the SVC-VR model but not for the SVC-VR+VV model.



09t
08 =
07} ~
06 & ' %

05F / McCauley \

/ No Vision ®
+--- VR Internal Vision
VR VV Internal Vision

scaled conflict / MSI

0.4

031

0.2

0.06 0.1 0.16 0.25 0.4 0.63
frequency (Hz)

Figure D.20: Motion sickness frequency sensitivity in vertical loading at 0.7 m/s*> with experimental data by Mc-
Cauley et al. (1976) compared to three SVC model parameter sets. The vertical axis represents motion sickness
incidence (MSI) from McCauley et al. (1976) and model lines represent conflict magnitude. The model lines are
scaled equally towards their collective maximum. Since MSI relates to conflict in a complex manner an exact
match is not to be expected. The line "No Vision” uses Fit 3 in tables 5.2 and 5.4 with all vision gains set to zero.
The line VR Internal Vision ads a visual rotational velocity gain K, = 10, and the line VR VV Internal Vision also
ads a visual verticality gain K,,;; = 5. These high visual gains were based on the published models and not on the
current data. These results show that frequency sensitivity is not affected by the VR loop but is strongly affected
by the VV loop. These results were obtained for internal vision in vertical loading. Results for external vision are
identical since there is no rotation. Results for horizontal loading are also identical due to the inherent symmetry
of the SVC model.

D.8 TUNING SVC-VR+VV

Table D.2 shows fitted responses with the complete SVC model with both visual rotation ve-
locity (VR) and visual verticality (VV). The SVC-VR+VV model shows a better fit as compared
to the SVC-VR model for several variants, but RMSEs are almost identical for the best fitting
model AccelAngVelThresh. Interestingly, the additional parameter K, of SVC-VR+VV is
estimated between 0.21 and 0.62 and is much below the original value of 5. This suggests a
modest role of verticality perception in the current experiment. Even though a horizon was
not displayed, participants may have reconstructed a verticality percept from the displayed
dot pattern.
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Table D.2: Parameter values and the average RMSEs for all variations of the SVC-VR+VV model compared with
the original parameters from Kamiji et al. (2007); Kotian et al. (2024); Liu et al. (2022); Wada et al. (2020). Visual
vertical is assumed to be the true vertical.

Model Variation :\I/tpe Kovis  Kgois Ko K, K, 7t Tsce /;K:;ge RMSE per vision condition
External Internal No  Only
SVC-VR+VV  Baseline Original 10.00 5.00 10.00 1.00 5.00 5.00 7.00 175 2.15 1.89 2.15 0.80
Fitl 1457 026 5.40 054 1.04 010 111 0.49 0.41 0.41 0.80 034
Fit2 0.43 034 810 131 227 114 594 0.67 0.54 0.43 125 043
Fit3 38 032 11.82 015 1.00 1.00 5.00 0.66 0.66 0.52 1.01 044
AccelThresh Original 10.00 5.00 10.00 1.00 5.00 5.00 7.00 1.62 2.17 1.90 159 0.81
Fit1 0.14 020 5.14 028 124 038 10.73 0.48 0.48 0.42 039 0.63
Fit 2 0.72 028 6.71 051 168 130 7.17 0.64 0.68 0.52 0.64 0.70
Fit3 0.84 030 5.03 0.13 115 115 7.99 0.66 0.77 0.63 0.57 0.66
AngVelThresh Original  10.00 5.00 10.00 1.00 5.00 5.00 7.00 1.49 2.20 1.95 1.00 0.81
Fit1 1455 046 500 073 172 032 110 0.55 0.51 0.48 0.83 0.38
Fit 2 0.09 030 7.48 202 3.09 100 5.55 0.52 0.47 0.42 0.83 037
Fit3 0.39 031 5.03 020 1.00 1.00 5.02 0.66 0.66 0.57 1.00 0.39
AccelAngVelThresh  Original 10.00 5.00 10.00 1.00 5.00 5.00 7.00 1.40 2.22 1.96 0.59 0.83
Fit1 7.19 020 10.64 100 227 038 115 0.47 0.40 0.40 038 0.71
Fit2 0.00 021 9.93 3.00 9.06 209 5.62 0.47 0.47 0.42 0.36 0.62
Fit3 0.00 026 8.36 081 599 599 7.61 0.63 0.69 0.60 0.60 0.63
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Figure D.21: Predictions from the three SVC model variants with original parameters for stimuli with prolonged
duration with mean rotational rates of 1 degree/s.






E

Appendix for Chapter 6



E.1 MPC ALGORITHM WEIGHT SETTINGS

For the simulations presented in this chapter, model predictive control (MPC) is imple-
mented using ForcesPro Domahidi and Jerez (2014), using the Primal dual interior point
(PDIP) algorithm. The maximum iterations are chosen to be 200, to ensure convergence
and avoid sub-optimal solutions. The optimisation has been performed on Intel(R) Xeon(R)
W-2223 CPU @3.60GHz with 32GB RAM.

In this work, we consider two major contribution terms that define the primary objective of
the algorithm, along with several minor terms that help guide the MPC toward the desired
performance. The two primary objective terms should have the highest contribution in the
cost function.

Since the cost terms have different units, their relative contributions cannot be directly de-
termined by the weights alone. To address this, we normalise the cost terms. This normal-
isation facilitates the assignment of weights, enabling each term to be tuned based on its
priority. Specifically, a preliminary simulation is used to estimate the maximum expected
value of each cost term. Each term in the cost function is then divided by its corresponding
maximum, ensuring that the normalised errors lie within comparable ranges.

This approach allowed us to explore the full trade-off spectrum, or Pareto front, between
competing objectives such as motion perception (via specific force tracking) and motion
sickness mitigation (via RMS sensory conflict). While the normalisation does not provide a
universal or mathematically exact scaling, the estimated maxima—derived from represen-
tative scenarios—offer a robust basis for comparative analysis.

Should future scenarios diverge significantly from those used during this normalisation
phase, the scaling bounds can be re-evaluated and updated accordingly.

The final selected weights are tabulated in table E.1.

Table E.1: Penalization weights for the objective function terms

penalisation weight ‘ used Value
wy (angular orientation) le-4
w, (angular velocity) le-1
w, (displacement) le-2
w; (translational jerk) le-4
Wayg; (angular jerk) le-4
ws (slack variable) le-4

The w, and wy, correspond to the parameters k1 and k3, respectively, in appendix E.5, that
affect the shape of the non-linear weight function. w,,, w;, w,,, ; and w; are the penal-
isation weights for angular velocity, translational jerk, angular jerk and the slack variable.
Note that all weights are represented as 2 X 2 diagonal matrices to apply separate penal-

ties in the longitudinal and lateral directions, except for the slack variable weight w;, which



remains scalar since it does not relate to spatial dimensions.

For the initial analysis, a penalisation weight of unity is set for specific force tracking. Ad-
ditionally, the penalisation weights on the angular orientation and the platform displace-
ment is a dynamical non-linear weight which changes based on the platform state (see ap-
pendix E.5 under workspace management) the penalisation weight chosen for this quantity
just scales the overall non-linear shape of the weight based on the platform state.

E.1.1 Penalisation Weight for Angular Orientation

The weight on angular orientation was varied between 1le-4 and le-1. The weight of le-
1 provides deteriorated specific force tracking performance, while the weights 1e-2, 1e-3
and le-4 provide almost identical responses. Hence, the weight of 1e-4 is chosen as it
provides desirable performance, while keeping a lower contribution in the cost term.

E.1.2 Penalisation Weight for Angular Velocity

The weight on angular velocity was also varied between le-4 and le-1. While all the
weights provided a very similar response in the specific force generation, the weights had
very different responses for the angular velocities. The weight of 1e-1 provides almost no
excessive motion, whereas all other weights show excess oscillations in angular velocity.
Thus the authors choose the weight of 1e-1 for the penalisation on angular velocity.

E.1.3 Penalisation Weight for Displacement

The weight on translational displacement was varied between 1e-4 and 1e-1 as well. While
a weight of le-4 tracks the specific force desirably for the majority of the simulation, at
various instances, it performs a jerky motion when it reaches the limits of the workspace.
With the weight 1e-3 we obtain desirable specific force tracking performance, however
oscillations are observed in the angular velocity with this setting. The weight 1e-1 and le-
2 provide a very similar response with no excess oscillation in the angular velocity. Thus
due to its lower contribution towards the overall objective function, 1e-2 is chosen as the
preferred weight for the simulations.

E.1.4 Penalisation Weight for Translational Jerk

The weight on translational jerk was varied between le-4 and le-1 as well. All the ex-
plored weights provided near identical responses. Thus the weight of 1e-4 is used to have
the lowest possible contribution to the objective function, while providing a desirable per-
formance.



E.1.5 Penalisation Weight for Angular Jerk

The weight on angular jerk was varied between 1e-5 and 1e-2 as well. The weight of le-
2 renders a profile that does not follow the reference specific force properly. While the
weight of 1e-3 traces the specific force, it exhibits oscillations in the tilt rate. The weights 1e-
5 and 1e-4 provide a desirable specific force tracking, with the weight of 1e-4 also attaining
slightly lower tilt rate values. Thus the weight of 1e-4 is selected for the simulations in this
work.

E.2 QUESTIONNAIRE

Participants rated realism on a 5-point Likert scale with the following questions:

¢ How closely did the ride’s motion correspond to the video?

[0 = Not at all, 5 = Completely coherent]

¢ How close did the cornering feel compared to a real car?

[0 = Not at all, 5 = Exactly like a real car]

e How realistic did the acceleration and deceleration feel compared to a real car?

[0 = Not at all, 5 = Exactly like a real car]

¢ Were there any unnatural motions that did not match real driving?

[0 = Not at all, 5 = A lot of them]

E.3 MOTION SICKNESS MODEL

The MPC-based algorithm needs a motion sickness prediction model to calculate a motion
sickness metric (J; ) for the cost function (J,). For this, we use the Subjective Vertical Con-
flict with Visual Rotational velocity (SVC-VR) as described by Kotian et al. (2023). The model
was first introduced by Wada et al. (2020) and later validated and found to be favourable
for motion sickness predictions in vehicles for a population by Kotian et al. (2024). This
model (Wada et al. (2020)) predicts the motion sickness incidence (MSI), which is a group-
averaged metric representing the percentage of people who will develop motion sickness.
This is not suitable as we need a scale based on the severity of motion sickness in an individ-
ual. This way we will have better control on how much the severity of sickness varies with
different algorithms. For this, we used the model by Kotian et al. (2023), which adapted
the model by Wada et al. (2020) to predict motion sickness for an individual in MlIsery SCale
(MISC). This model accepts specific forces, angular rotations and visual flow (visual angular
rotation) as inputs and gives motion sickness in MISC as output.

It is important to mention that the platform’s motion is different from the visual cues. In
this study we simulate conditions with out of the window view. Thus, the vehicle angu-



lar velocities are given for the vision angular velocity input to the SVC model, while the
vestibular system is provided with the platform motion.

The motion sickness score output from the accumulation model has a large time constant
due to the slow dynamics of the accumulation model. The high time constant of the accu-
mulation model implies that a long prediction horizon would be required for it to function
effectively. However, as demonstrated in Jain et al. (2023a), optimising for motion sick-
ness over a short horizon can still lead to effective reduction of accumulated sickness over
longer durations—provided that an appropriate short-term proxy, such as instantaneous
sensory conflict, is used. As we optimise the motion at each time instant, we want to calcu-
late the instantaneous response to the motion stimuli which drives motion sickness. This is
the sensory conflict that can be obtained by the first half part of the model, often termed
the ‘sensory conflict generation’ model shown in figure 6.1.

We converted a Simulink implementation of the SVC-VR model into ordinary differential
equations, which our MPC solver can use. The ordinary differential equations for the SVC-
VR model are given below:

Fonee =0

o, = 2 6 X, (E.1)
T

. . a)s

O, = Oo—— (E.2)
Ta

. f =D

by, = /s S — @y X D (E3)
T

. . Ky A
(Kcu,c + Kw)w + Kw,viswvis - T(wv - ws)

o, =
I+ Kw,uis + Kw,c
@
- (E.4)
Td
b = Kuc(vs_ﬁs)+Kg,Uis(Uuis_ﬁ) (E.5)
fs = Kuc(vs_ﬁs)+Kg,uis(Uuis_5)
+Kac(fs_Us_fs+Ds)+Kad (E.6)

where f| represents the estimated specific force vector, v, and o, are the sensed subjective
vertical and estimated subjective vertical, respectively. w, and @, are the sensed angular
velocity and estimated angular velocity respectively. z=5s,7, =75, K, . =10, K, . =1,
K,.=5K,=0,K,=0, K, ,;; =10, K, ,;; = 0 are the parameters used for the SVC
model taken from Kotian et al. (2025). Here, 7 and 7, are the time constants correspond-
ing to the otoliths and the semicircular canals respectively. K, ., K, ., and K, . are the
vestibular feedback gains, K, and K|, are the anticipatory gains, K, i, and K, ;; are the

visual feedback gains.

,Vis

The sensory conflict is derived by calculating the Euclidean norm or 2-norm of the differ-



ence between the sensed subjective vertical and estimated subjective vertical:
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o = los=o,l,= Z(v - (E.7)

JMS = Weon cvz (E-S)

)
|

where, w,,, is the weight on the conflict, c,, to create the sensory conflict term quantifying
motion sickness (J,,5) used in the objective function.

The sensory conflict is one-dimensional. The accumulation of this sensory conflict drives
the overall motion sickness scores. Minimising this sensory conflict over the MPC time
horizon will result in a reduction of motion sickness.

To demonstrate the effectiveness of the motion cueing algorithm, we also predict MISC
over the entire experiment duration. Here we use the entire model framework by Kotian
etal. (2023), including the ‘conflict accumulation’ model as shown in the bottom right in fig-
ure 6.1. To predict the variance in MISC across a population, we simulate the MISC for 1000
individuals with varying motion susceptibilities. These parameters are sampled from the
parameter distribution described in Kotian et al. (2025). In that work, a 3-component prob-
ability distribution of parameter sets was generated for the model by Kotian et al. (2023),
which can be sampled according to the desired motion sickness susceptibility. These pa-
rameter sets have been shown to generalise well for MISC predictions in new driving sce-
narios Kotian et al. (2025). This makes it ideal to use for testing and selecting algorithms.

E.4 HEXAPOD/DRIVING SIMULATOR DYNAMICS

The motion of the hexapod platform is defined in a state-space form to facilitate implemen-
tation in the MPC. The base states include hexapod position (s,,,) and angular orientation
(01,.x)- These base states are added to the state-space model with the relation

xhex = Ahexxhex + Bhexuhex (E,9)

where the state vector, x,,,, comprises of the position, s,,,, translational velocity, v,
angular orientation, 6,,,, and angular velocity, ®,,,, of the hexapod and the input vector,
Upey, cOMprises of translational acceleration, a;,, and angular acceleration of each euler
angle, a;,,. The matrices A;,, and B, represent the double integrator system of the
inputs, adapted from Qazani et al. (2019).

As the algorithm is designed for both longitudinal and lateral degrees of freedom, each
state comprises of components in x and y directions (roll and pitch for orientation). In this
study, positive values correspond to forward, left, and upward orientations along the x, v,
and z axes, with counterclockwise rotations indicated as positive.



To achieve realistic motion perception (one of the primary objectives of the algorithm), ve-
hicular accelerations are tracked using specific forces generated by the driving simulator.
The specific force consists of two components that arise through translational accelerations
and gravity. This specific force encapsulates the combined effects of accelerations and grav-
ity as perceived by the human via the otoliths (part of the vestibular system). Therefore,
the specific force is calculated at the estimated head coordinate system, thereby incorpo-
rating the effects of platform rotation.

The translational component is the acceleration of the platform. The gravitational force
vector at the estimated head location, G,,,, is defined by the relation:

G =R"[00g] (E.10)

Here R is the transformation matrix that resolves gravitational force to the vectors corre-
sponding to longitudinal, lateral and vertical body reference frame directions and g is the
acceleration due to gravity, acting in the inertial vertical direction.

The total specific force is defined as:

fspec =0apex — Gloc (E-ll)

where ais the translational acceleration of the platform. The tilt component, G,,., provides
an additional pseudo acceleration to the occupant of the simulator. The specific force is the
quantity to be tracked to achieve realistic motion perception.

This shapes our cost function term for the MCA defining the motion perception term (J,p),
which is given by:

JMPz(fspec_fref) Wspece (fspec_fref)T (E.lZ)

To reduce motion sickness stimuli (the secondary objective of the algorithm), sensory con-
flict (appendix E.3) needs to be minimised. Thus, the MPC includes the hexapod dynamics
and the 6-DOF SVC model to predict the development of motion sickness over the predic-
tion horizon.

Thus the complete analytical description of the dynamics of motion sickness development,
through the platform motion, includes the following states:

X = [Ghex’whex’shex’ Uhex> ftilt’ fall’ fall’ ﬁs’ws’d)s’ Us] (E'13)

Here, f,; denotes the vector of specific forces in all three directions (x, y, z); fa,, rep-
resents the estimated specific forces in those directions; and f,;;; corresponds to the tilt-
generated specific force, which is equal to the local gravitational vector G,,,,.



E.5 WORKSPACE MANAGEMENT

The MPC considers these constraints over the prediction horizon to optimally use the workspace
and generate realistic motion. Two additional strategies are employed here for effective
workspace management: washout and dynamic constraints.

Washout: The simulator platform has the maximum potential of recreating the specific
forces at its neutral position. To ensure the platform remains near its neutral position, we
penalise its states in the cost function. In this work, we use non-linear weights (based on
the platform orientation and position) for the washout instead of constant weights. This
allows a single non-linear setting for all scenarios rather than tuning the washout weights
for each scenario.

The non-linear weights are defined as

_ ky
O T e USher — S P A A
2US hex Slim
_ ks
k2(|0hex| - Hlim)Z +A

(E.14)

Wy (E.15)

where k;, k, and k5 define the shape of the weight function, s;;,, and ,;, are the de-
fined limits for the platform for displacement and tilt angle. A (here 0.01) is a small value
added to the denominator to avoid singularity. The selected valuesare k| =1, k, =50 and
k3 =0.1, these values were manually tuned to ensure that the penalisation is low near the
neutral position, while high, close to the platform limits.

Dynamic constraints: In this study, we incorporate dynamic bounds on the platform posi-
tion and orientation via the constraints proposed in Fang and Kemeny (2012), as 'braking
constraints’.

The formulation of the constraints is

Shex,min < sdyn < shex,max (E-16)

ahex,min < edyn < ehex,max (E-17)
— 2

den =Spext €y Uhedeyn,s + O'SCuahex,lraanyn,s (E.lS)
— 2

adyn - ehex + cwwhedeyn,O + O'Scuahex,rotTdynyg (E-19)

where, ¢, = 1,¢,, = 1,¢, =0.45,T;,, 9 = 0.5, T, , = 2.5 and s,,,0,, limits are 0.3 m and
20 deg respectively. The selected values were adopted from Munir et al. (2017). When
the platform approaches its limits, the platform’s acceleration and velocity reduce, to stay
within the workspace envelope.



E.6 YAW CHANNEL

The fifth DoF (yaw) is controlled separately using a parallel washout channel, ensuring re-
duced computational complexity. For the simulator used in this work (DAVSi), the control
commands we require to provide are yaw position velocity and acceleration. This is done
by passing the acceleration through a high-pass filter to obtain the desired platform yaw
acceleration. To ensure that the yaw angle returns back to it’s neutral position at the end
of the simulation, we use a second order high pass filter instead of a first order filter. The
second-order high-pass filter used for this purpose is given as

§2

HP(s)= 3 (E.20)
524+ 2vyaws + Vyaw

Here, v oy denotes the cut-off frequency of the high-pass filter. Avalue of 0.0159 Hz is used,
consistent with the configuration used for our previous studies. Additionally, for simplicity,

the damping ratio is kept to be 1 (critically damped).

As yaw motion also affects motion sickness, the yaw prediction for the future should also
be communicated to the MPC. As the yaw washout is highly computationally efficient, it
can calculate the solution to the reference yaw for the prediction horizon almost instantly.
In our implementation, we include yaw information as online data for communication with
the MPC.

E.7 CONSTRAINTS

Constraints in the MPC are added to ensure that the hexapod’s motions remain physically
feasible and safe. These include workspace limits on position and orientation to prevent
the platform from exceeding mechanical boundaries, as well as limits on velocities and ac-
celerations, to avoid abrupt or excessive movements that could cause discomfort or desta-
bilise the system.

For defining such constraints, the workspace limits of Delft Advanced Vehicle Simulator
(DAVSI) are used (table E.2).

Table E.2: Workspace limits of the DAVSi

Quantity Limit

O1ox +30deg
Uhex +7.2m/s
Apox +9.81m/s?
Shox +0.5m

omd +5mls?




Additionally, to minimise the perception of platform motion and avoid introducing false
cues, it is essential to limit platform rotation rates below the human perception threshold.
This threshold is typically considered to lie between 2—4°/s Houck et al. (2005); Khusro
et al. (2020); Lamprecht et al. (2022). In this work, a value of 3°/s was selected based on
subjective feedback from participants during a pilot study.

Rather than enforcing this as a hard constraint, we model it as a soft constraint to allow
occasional violations when necessary to improve specific force tracking performance. This
approach enables flexibility in generating higher specific forces without introducing exces-
sive perceived motion. The tilt-rate constraint is therefore defined as:

—Ospg S Opex +6 Opoy —6 S Oy (E.21)

Here, w,;, is the selected perception threshold (3°/s for both pitch and roll rate), and 6
is a positive slack variable included in the cost function. While violations of the threshold
are permitted, they are penalized to encourage minimal deviation, balancing perceptual
fidelity with motion cueing performance.
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Figure E.1: Specific force, angular velocity, angular position, linear velocity and linear displacement data shown
for different algorithm configurations. Longitudinal components in the upper graphs and Lateral components in
the lower graphs.
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Propositions

accompanying the dissertation

Motion Perception and Sickness Modelling and Prediction for Automated
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Driving and Simulators

by

Varun Kotian

Individual variability in motion sickness development can be captured with only a
personalised accumulation model.
This proposition pertains to Chapter 2.

No single current model can simultaneously predict the effects of vision on both mo-
tion sickness and motion perception.
This proposition pertains to Chapters 3 and 5.

Stochastic modelling of personalised parameters enables robust sickness predictions
for untested driving scenarios.
This proposition pertains to Chapters 4 and 6.

Fitting different parameters for different vision cases trades accuracy for overfitting;
a practical model requires a single parameterisation that jointly explains all vision
cases.

This proposition pertains to Chapters 3, 4 and 5.

People who do not get motion sick should not conduct motion sickness research.

To study motion sickness in driving scenarios, experiments shorter than ten minutes
are insufficient and should be avoided.

For both fun and comfort reasons, people will always want to have the option to
manually drive a fully autonomous vehicle.

The more you know about connected systems, the more appealing simple, non-networked,

analog options become.
GenAl replaces mundane work while amplifying the need for human experts.

The selfish intent of wanting peace initiates wars.

These propositions are regarded as opposable and defendable, and have been approved
as such by the promotor Prof. Dr. Ir. R. Happee, and co-promotor, Dr. Ir. D. M. Pool.









Can we prevent motion sickness in the age of automated driving?

As automated vehicles position drivers as passive passengers and simulators
become increasingly immersive, motion sickness has emerged as a critical
barrier to user acceptance. Traditional models rely on group averages

and focus on extreme outcomes, failing to capture the subtle, individual
discomforts like nausea and dizziness that ruin the passenger experience.

This book presents a framework for predicting and mitigating motion
sickness at the individual level by moving beyond a one-size-fits-all
approach. The research introduces a personalized modeling method that
adapts to specific user sensitivities using two key parameters and proposes
critical updates to sensory conflict models to better align visual perception
with reality. These culminate in a novel control algorithm for simulators
that reduces motion sickness by over 50% without sacrificing realism. This
work aims to bridge the gap between biological variability and mechanical
design to create a more comfortable experience.
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