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SUMMARY

By 2050 a large proportion of the cars on our roads will be self-driving and com-
pletely automated. We will no longer be driving these vehicles, but will be trans-
ported comfortably as passengers. We will be able to indulge in all sorts of media
items in our vehicles, do work, or even just relax and sleep. Indeed, these fully au-
tomated vehicles will have a clear positive impact on everybody’s lives. That is, if
people do not become too motion sick to enjoy the ride.

It is known that drivers of vehicles do not get motion sick because they are in
control of the vehicle and, hence, can anticipate upcoming motions. However, many
passengers, which we will all eventually become, do experience motion sickness.
This is particularly an issue when their eyes are off the road and when they are en-
gaged in other activities. With a rising prospect of motion sickness, these activities
may no longer seem attractive. Moreover, motion sickness increases workload and
decreases cognitive performance, which means that those wishing to use their com-
muting time in cognitively demanding activities will be less productive in them.

With full automation, it is hoped that vehicle control systems can be optimised
to reduce sickening motions to the lowest feasible level, whilst also achieving ad-
equate vehicle performance in terms of, for instance, journey time. However, at
this moment we don’t yet have a good model of motion sickness that would enable
such optimization. For example, route planning algorithms generally optimise for
the shortest time, while some have recently started to optimise for the least polluting
route. For this optimisation, the algorithm needs to have, amongst other things, traf-
fic information, the roads, their lengths and legally allowable speeds, with all such
information encapsulated in a general mathematical model. There is, however, no
analogous model of motion sickness that can be used to optimise our vehicle’s be-
haviour for the lowest passenger sickness incidence. A mathematical model in this
sense is a set of equations that tell us how sickening a certain pattern of motion will
be. A pattern of motion could be the vehicle taking a turn, switching a lane, stopping
at a traffic light; anything that makes the vehicle change speed or direction. By being
able to predict how much sickness will result from certain manoeuvres, the vehicle
can be programmed to perform these manoeuvres in the least sickening manner.

One problem with developing mathematical models for motion sickness min-
imisation is that there is a great variability in how motion sickness manifests itself in
individuals. This means that the motion sickness symptoms, their accumulation and
even the nature of the motions that cause sickness are highly individual. Therefore,
any algorithm meant for vehicle control must take the individual as the subject of its
concern.

Prior to this thesis, the individual was not seen as a feasible unit of study. In-
stead, literature mainly focused on group-level responses. However, because mo-
tion sickness is so variable, it is likely that optimising group-averaged criteria, will

xi



SUMMARY

not optimise for group-averaged comfort. Instead, individualisation is needed. This
need directly shaped the objective of this thesis, which was to understand and model
motion sickness accumulation and its individual differences for the comfortable control of
automated vehicles.

In this thesis, this objective was addressed in the three main parts:

1. Quantitative analysis of individual differences

2. Modelling the temporal dynamics of motion sickness

3. Modelling the dynamics of sensory conflict

This thesis describes four different human-subject experiments performed to sys-
tematically study the effects of: visual viewing condition, acceleration amplitude
and acceleration frequency on the accumulation of motion sickness. Uniquely, to
best measure individual differences, all experiments were done using a within-subject
design. Temporal variations in the level of motion sickness in these experiments
were measured using the MIsery SCale (MISC), a well-known subjective rating scale
for motion sickness.

Two of the experiments (see chapter 2) were conducted on-road, using a pas-
senger vehicle. Here, participants were exposed to a sickening drive in the form of
repeated slaloms. Experiment 1 compared two visual conditions, internal (where
the outside vehicle view was occluded) and external vision (where the participants
were requested to look outside), while the second experiment focused only on inter-
nal vision. In both experiments, physiological and postural signals were recorded.
From Experiment 1, it was found that internal vision was more sickening compared
to external vision. This was likely related to the reduction in anticipatory cues. Ex-
periment 2 tested hypersensitivity with a second exposure a few minutes after the
first drive and tested repeatability of individuals’ sickness responses by measuring
these two exposures three times in three successive sessions. As a result, the exis-
tence of hypersensitivity that occurs as a consequence of motion sickness exposure
was confirmed. Moreover, the Oman model of nausea was fitted to the MISC data.
The Oman model is a control-theoretic model of motion sickness accumulation and
the only one that is able to describe the hypersensitivity seen in Experiment 2. Due
to rest periods between motion stimuli (e.g. traffic lights), modelling hypersensitiv-
ity is particularly important to vehicular transport. From the Oman model, it was
determined that individuals have repeatable accumulation of motion sickness over
time, where the variation in intra-individual motion susceptibility was small. This
shows that the individual is, in fact, a feasible unit to study motion sickness and that
day-to-day variations do not swamp the measurements of the desired signal. From
the pooled physiological and postural signals in Experiment 1 and Experiment 2, it
can be concluded that the galvanic skin response (sweating) was the only significant
physiological correlate of motion sickness, but that despite their various drawbacks,
subjective ratings remain a superior motion sickness metric.

In Experiment 3, which is the subject of chapter 3, the SIMONA Research Simu-
lator at TU Delft’s Aerospace Faculty was used. Here, the effect of motion amplitude
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on sickness accumulation was studied. This experiment, unlike the prior two, was
performed with eyes-open in darkness. The results showed that within an individ-
ual, sickness (given as MISC ratings) increased linearly with acceleration amplitude,
a finding consistent with the group response. As a consequence of this experiment,
for the first time, the Oman model was thoroughly validated in its predictions for
multiple acceleration amplitudes and its parameter values were determined. This
was done by fitting the Oman model to the MISC data. The resulting median param-
eter values were: 66.2 and 502.4 for the fast and slow time constants, 70.8 and 0.4 for
the gain and non-linear output power scaling. Results also showed that individuals
may display convergent or divergent sickness trajectories, and have a propensity for
one over the other, with current methods of modelling sickness accumulation being
best suited for the convergent trajectories.

Similar to Experiment 3, Experiment 4, which is the subject of chapter 4, was also
simulator-based and with the same visual condition of eyes-open in darkness. In this
experiment, the Cable-Robot Simulator at Max Planck Institute for Biological Cyber-
netics was used to investigate the effect of frequency on motion sickness suscepti-
bility. Moreover, another simulator at the same research facility, the Cyber-Motion
Simulator, was used to investigate motion perception parameters of the participants.
In this experiment, individual frequency sensitivities were found to be distinctly
different from the group sensitivity. Certain participants were more susceptible to
lower, others to mid and higher frequencies. However, there was no clear peak in
the group-level sensitivity when averaged across all individuals. This means that a
"one size fits all" approach is suboptimal for motion sickness mitigation. Moreover,
it was found that the overall sickness susceptibility to fore-aft motions was highly
correlated (r = 0.74) to the subjective vertical time constant that was measured in the
Cyber-Motion Simulator.

It is generally hypothesised that motion sickness is caused by sensory conflicts
that arise from a difference between incoming sensory signals and those signals ex-
pected by the brain. In chapters 2 and 3, the temporal dynamics of motion sickness
were studied using simple motions in one direction. This meant that the internal
sensory conflict could be assumed to be proportional to the accelerations experi-
enced. In chapter 5 of this thesis, the sensory conflict term is instead derived from
6-D dynamic models of motion perception. To this end, three state-of-the-art motion
perception models from literature were assessed: the Subjective Vertical Model, the
Multi-sensory Observer Model and the Particle Filter model. As a result of this work,
it was found that these available motion perception models did not generalise well
across multiple motion paradigms to describe observed motion sickness. The most
commonly used model of motion sickness, the Subjective Vertical model, provided
the best specific fits to empirically observed group-level motion sickness frequency
sensitivity to horizontal and vertical plane accelerations. However, the Subjective
Vertical model did show important deviations from the observer framework from
which sensory conflicts are derived, and the perceptual correlates to its variables
were not clear. As a consequence of this model comparison, two crucial mechanisms
for motion sickness prediction were identified. The first mechanism is an active es-
timation of the magnitude of gravity, which was found to be the only feasible way
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of explaining motion sickness caused by vertical accelerations. The second mecha-
nism identified was the somatogravic effect, as mediated by the two-way coupling
between the semicircular canals and the otoliths. This was found to be important to
model the differences in the frequency sensitivities between vertical and horizontal
plane accelerations. Indeed, Experiment 4 empirically confirmed the relevance of
the somatogravic effect for overall sickness susceptibility towards horizontal plane
accelerations.

This thesis has achieved its main objective of increasing our understanding of
motion sickness and its individual differences, as well as furthering motion sickness
modelling capabilities. The experimental and modelling results of this thesis pro-
vide a firm foundation that will accelerate future research. For example, by showing
that individuals have repeatable motion sickness responses and that individual dy-
namics can be captured by models of motion sickness accumulation, this thesis has
opened the door for closed-loop identification of the dynamics driving sickness at
the individual level. This will expedite the data bottleneck that currently hampers
motion sickness research. Moreover, this thesis revealed that contemporary motion
sickness models have difficulties in predicting sickness in those conditions they were
not explicitly fitted to. It is argued that probabilistic models of sensory integration
may represent motion sickness in a more emergent manner and ultimately provide
better insights that may be used to design more comfortable automated vehicle con-
trollers.



1
INTRODUCTION

1.1. MOTION SICKNESS AND THE AUTOMATION REVO-
LUTION

The hyperbolic trajectory of technological growth (Roodman, 2020) has given many
wonders and promises many more. One latest fruit of this process is automated ve-
hicles. Completely self-driving vehicles are expected to reach 50% of market share
by 2050 (Kyriakidis et al., 2015; Wadud et al., 2016). In Europe, the average vehicle
occupancy rates for passenger cars is 1.7, indicating that it is mostly the driver that
is in the vehicle (Fiorello et al., 2016). Automated vehicles are envisioned by soci-
ety to be the embodiment of freedom, liberating the driver from the monotonous
task of driving and allowing them to make use of otherwise unproductive travel
time. Indeed, surveys reveal that approximately 40% of respondents would like to
use this time to engage in cognitively demanding tasks such as working or reading
(Kyriakidis et al., 2015).

For 30% of the population (Schmidt et al., 2020), however, this metamorphosis
from driver to passenger prompts forth the atavistic malady (Huppert et al., 2017)
of motion sickness. The driver does what the passenger can not, that is, to almost
perfectly anticipate and initiate upcoming motions of the vehicle (Östh et al., 2014).
The control over ego-motion, whether through a vehicle or one’s own limbs, almost
always suppresses motion sickness (Rolnick and Lubow, 2007). It is also the case
that removing the driving task allows people to engage in non-driving activities.
These activities require a shift of the visual focus from the road, to the inside of the
vehicle. The reduction in visual information not only reduces one’s ability to an-
ticipate future motions of the vehicle (Griffin and Newman, 2004a), but also creates
sensory rearrangement. That is, the brain is troubled by the contradictory existence
of stationary visual stimuli and active sensation of movement caused by the vehicle
and registered by the senses of balance, the vestibular system (Diels and Bos, 2016).

Motion sickness is a multisymptomatic syndrome that is often characterised in
humans by initial symptoms such as headache, dizziness, sweating, stomach aware-
ness and nausea (Bertolini and Straumann, 2016). These symptoms usually then
progress in severity before culminating in retching and emesis (Bos et al., 2005). Most
vertebrates suffer from motion sickness, including dogs (Wang and Chinn, 1956),
cats (Hickman et al., 2008), rats (Mitchell et al., 1977), frogs (Wassersug et al., 1993)
and even fish (Bauerle et al., 2004), though how motion sickness manifests differs

1
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considerably between species. Rats for instance are incapable of emesis, though they
do display conditioned gaping (Parker, 2014), likewise vomiting response in frogs
can be delayed by hours after the end of the sickening motion stimulus (Naitoh et al.,
2001). Motion sickness is, therefore, phylogenetically old. So old, in fact, it predates
the evolution of the mammalian cochlea, our hearing apparatus (Manley, 2012). The
fact that this apparently maladaptive response is evolutionarily conserved, leads
some researchers (Bowins, 2010) to believe it might have a beneficial function. This
adaptationist view was first put forth in the toxin detection hypothesis, formulated
by Treisman (1977). Here, it is thought that the vestibular organ is a back-up to
the chemoreceptors in the stomach and works to detect sensory rearrangement that
might occur due to the consumption of a toxic substance. Symptoms that promote
avoidance and expulsion of consumables, such as stomach awareness, taste aver-
sion and vomiting, are clearly in line with this hypothesis. Other researchers take a
more pluralist view and argue that motion sickness is likely an unintended, unde-
sirable by-product of the useful process of state-estimation and motion perception
employed by the brain (Oman, 2012). Moreover, given that motion sickness does not
occur under natural conditions, but exclusively in artificial ones, it is not surprising
that there was no selection against it.

The aim of motion sickness research is to understand the aetiology of motion
sickness in detail and leverage this knowledge to improve, among many other things,
passenger comfort in automated vehicles. This may seem like a vain research aim
for some. However, it should be noted that some people are affected to such a de-
gree as to avoid passive vehicular travel (Dai et al., 2010; Saunders, 1976). Indeed,
certain ethnicities are known to have higher motion sickness susceptibility than oth-
ers (Klosterhalfen et al., 2005) and there seems to be disparate impact of sex on the
experience of motion sickness (Golding, 2006; Koslucher et al., 2015), with females
being more susceptible than males. Therefore, reduction in motion sickness pro-
motes the inclusivity of the technology, increasing its overall utility. To minimise
motion sickness subject to vehicle motions, one must be able to express motion sick-
ness as a function of these motions. This functional relationship between the input
motions and ensuing sickness yields itself readily to mathematical treatment in the
form of control-theoretic models. These models may then be used to predict the
expected sickness for a given motion profile. With the driver now becoming the
passenger it allows for the optimization of the automated drive through various
technologies such as active suspension, motion planning and even route planning
algorithms (Htike et al., 2020; Li and Hu, 2021).

There are, however, inherent challenges in operationalising a phenomenon such
as motion sickness. For instance, unlike mass, energy, pressure or temperature, there
is no natural unit of motion sickness. This means it is usually measured using sub-
jective ratings such as the MIsery SCale (MISC) (Bos et al., 2005) which is an ordinal
scale of sickness severity. The subjective nature of the measurements makes it hard to
quantify motion sickness. Moreover, there is a spectacular degree of inter-individual
variability in the manifestation of motion sickness. This variability is due to individ-
ual differences in autonomic sensitivity and prior motion exposure (Golding, 2006).
Lastly, there is substantial delay between the motions and the resulting motion sick-



1.2. THE BRAIN AS AN OBSERVER

ness symptoms, making conventional system identification methods difficult to em-
ploy. Despite these hurdles, many excellent studies have demonstrated feasible ap-
proaches to quantitative modelling of motion sickness (Wada, 2021; Khalid et al.,
2011b; Kamiji et al., 2007; Bos and Bles, 1998, 2002b; Zupan et al., 1994; Oman, 1991).
These studies highlight the link between motion perception and motion sickness via
the observer framework, where motion sickness is thought to be due to the conflict
between internally predicted or expected sensory information, and the realised sen-
sory information reported by the senses.

1.2. THE BRAIN AS AN OBSERVER
From the mutual exclusivity of knowing both the position and momentum of an el-
ementary particle, to the length and severity of the next viral wave, uncertainty and
ambiguity permeate through our physical reality. Sensory information transduced
by the sensory apparatus of any organism is also subject to this uncertainty. One
line of evidence for this comes from experiments on the response of retinal ganglion
cell to light, which is probabilistic in nature (Barlow and Levick, 1971). Any noise
that is innate to the sensor, whether it be quantum mechanical, in the case of retinal
ganglion cells, or mechanical, such as that transduced by the otolith organs of the
vestibular apparatus, will be subject to amplification due to conversion to an electri-
cal signal (transduction noise) (Lillywhite and Laughlin, 1979). Even further along
the processing pipeline, noise is present at all neural synapses (Rusakov et al., 2020).

In addition to being noisy, sensory signals can often be ambiguous. This is where
multiple interpretations of the same sensory stimulus exist. One accessible example
of this sensory ambiguity comes from the study of multistable imagery, examples
of which are shown in Figure 1.1. In these images, there are two mutually exclu-
sive interpretations of the same sensory input (Sterzer et al., 2009). Perception, may
therefore, oscillate between the two possible interpretations, switching from every
few seconds to tens of seconds with great degree of individual variability (Korn-
meier et al., 2009). Examples of multistability exist for all the senses. One example
the reader is encouraged to try is the “Verbal Transformation Effect” (Schwartz et al.,
2012). In this, rapidly repeated vocalisation of the word “life” provides auditory
stimuli that is fully compatible with both “fly” and “life”. The reader will notice that
there is spontaneous switching between the two interpretations.

Similar ambiguities also exist for spatial orientation and motion perception. For
instance, when participants are moved in the fore-aft direction using low-frequency
accelerations in the absence of vision, participants may perceive: direct horizontal
translation, going over a hill, and being swung on a swing (Wertheim et al., 2001).
This is a manifestation of the tilt-translation ambiguity (Wood et al., 2007), and just
like the visual and auditory bistable phenomena, differing interpretations emerge
spontaneously. Although unlike the visual and auditory phenomena, the switching
from one interpretation to another happens more slowly, over the course of min-
utes. In the absence of vision, this ambiguity is caused by the ambiguous sensory
information provided by the otoliths of the vestibular system.

The otoliths are composed of bio-crystals named otoconia that lie above hair cells’
hair bundles known as stereocilia (Nam, 2017). The stereocilia themselves are at-
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(a) (b)

(c) (d)

Fig. 1.1 Examples of multistable sensory information, in this case, visual information. (a) and (b) are
bistable images that illicit recognition ambiguity. (a) has two equilibrium states, a rabbit facing right and
a duck facing left. Likewise, (b), known as “My wife and my mother-in-law” is also bistable, with the wife
facing away from the reader and the mother-in-law facing toward the reader. (c) and (d) are examples
of bistability in perception of object orientation in 3D. (c) shows both a staircase descending from left to
right, but also the same staircase turned upside down. Likewise, (d), known as the “Necker cube” shows
a cube that can be interpreted to have either the lower-left or the upper-right square as its front side

tached firmly to the otoconial gel. Upon acceleration of the head, the hair cells and
the epithelial layer they are embedded in move with the head. Due to inertia, there
is a consequent deflection of the stereocilia connecting the hair cells to the otoconial
mass. This deflection is proportional to the acceleration experienced (Nam, 2017).
However, due to Einstein’s equivalence principle, inertial acceleration cannot be dis-
criminated from acceleration due to gravity (Merfeld et al., 2005a). Therefore, the
otoliths report the inherently ambiguous gravito-inertial acceleration (also referred
to as "specific force"). In the case of low-frequency fore-aft accelerations, this allows
for multiple perceptual interpretations consisting of inertial only (fore-aft) motion,
rotation, or a combination thereof.

The existence of multistable perception highlights an important fact about the
connectivity of the brain. This is the existence of a hierarchical organisation (Wang
et al., 2013) composed of: forward connections running from lower brain areas, such
as the sensory periphery, to higher cortical areas, as well as backward connections
running from higher cortical areas, to lower (Friston, 2005). The higher areas are
thought to have an internal representation of the cause of a given sensory stimu-
lus (Huang and Rao, 2011). Here, “predictions” encoded at the higher levels are
compared with the sensory stimuli represented at the lower levels. The resulting
prediction errors update the higher level predictions. The synergy between internal
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predictions, sensory input and consequent prediction errors allows for inferences to
be made about the causes of uncertain sensory data. The contemporary formulation
of this hypothesized mode of operation is known as “Predictive Coding”, and was ini-
tially developed to model the neural activity in the visual cortex (Rao and Ballard,
1999).

As discussed previously, sensory information in regard to motion perception and
spatial orientation is also inherently ambiguous and noisy. The brain must therefore
infer, or as commonly named in control theoretic literature, observe, the cause of a
given sensory stimulus. For spatial orientation, the cause it must observe is the
real kinematic states of the organism, namely; angular orientation with respect to
gravity, angular velocity, translational velocity and other such kinematic states (Bos
and Bles, 2002b). There is strong neural evidence to indicate that the brain employs
methods of internal modelling and prediction errors also for spatial orientation and
motion perception (Laurens et al., 2013; Angelaki et al., 2004; Laurens and Angelaki,
2017).

Angelaki et al. (2004) for instance, identified motion sensitive neurons in the
vestibular nuclei and the rostral fastigial nucleus whose firing rates were indicative
of tilt-translation ambiguity resolution. Likewise, Laurens et al. (2013) recorded sim-
ple spike activity from both the nodulus/uvula Purkinje cells and the rostral fasti-
gial nucleus during Tilt-While Rotating stimulation (TWR). TWR produces a false
perception of translation, as well as a translational vestibular ocular reflex (tVOR).
tVOR is an involuntary translation of the eyes in proportion to the stimulus, which
can be measured reliably using video-oculography. The authors showed that the
tVOR was predicted accurately by the internal model framework, and that the sim-
ple spike activity in these brain regions quantitatively matched the internal model
predictions. Lastly, neurons in the vestibular nuclei and the rostral fastigial nucleus
(regions of the brain thought to be involved in internal modelling) respond prefer-
entially to passive motions, and that expected sensory consequences of active move-
ment cancel out any reference signal from the semicircular canal and otolith inputs
(Cullen, 2018). These studies provide strong support for the use of internal models
by the brain to account for sensory noise and ambiguity in motion perception and
spatial orientation.

A simple example of how internal modelling via prediction errors work to ob-
serve real kinematic states is the velocity storage mechanism. During constant ve-
locity earth vertical yaw rotation, the rate of neural spikes originating from the hair
cells of the semicircular canals decay toward baseline in 4-5 s (Paulin and Hoffman,
2019). This is because of the viscosity of endolymph fluid flow and elasticity of the
cupula (Paulin and Hoffman, 2019).

To approximately observe the true angular velocity of the head, the semicircular
canal measures the angular velocity of the head, ωh. This can be represented by a
high-pass filter expressed in the form of a transfer function (Merfeld et al., 1999). The
sensed angular velocity ωhs is then compared to the output of the internal model,
which is the predicted sensed angular velocity, ω̂hs. Through the feedback with
observer gain Kωc, the prediction error, or the conflict between the two drives the
observed angular velocity ω̂h, until the actual sensed and internally estimated ve-
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locities match. This creates an extension in the time constants of angular velocity
perception, compared to the raw semicircular canal signal.

τs
τs+1

Kωc

τis
τis+1

-

+

ω⃗h
ω⃗hs

c⃗ω

⃗̂ωh

⃗̂ωhs

Fig. 1.2 This figure illustrates the observer framework, which uses an internal model along with prediction
errors to better approximate the real angular velocity of the head, despite the low bandwidth of the
imperfect sensor

The observer framework which explicitly uses internal models and prediction
errors presented here is widely used in models of human motion perception and
spatial orientation, where it is employed to observe all relevant kinematic state vari-
ables.

1.3. PROPERTIES OF MOTION SICKNESS
In the 1960s, the consensus cause of motion sickness was intra- and inter-sensory
conflict (Guedry Jr, 1970; Steele, 1961; Kennedy et al., 1965). Intra-sensory conflict is
sensory conflict between the otoliths and the semicircular canals of the vestibular ap-
paratus. Inter-sensory conflict is between the visual, somatosensory and vestibular
sensory cues. However, this interpretation did not explain some listed fundamental
properties of motion sickness:

• Organisms without a functioning vestibular system do not get sick
from inertial motions

• Exposure to sickening motions leads to habituation to these motions

• Ego-motion does not cause motion sickness

• There is large inter-individual variation in sickness dynamics

Properties of Motion Sickness

The first property, “Organisms without a functioning vestibular system do not get
motion sick from inertial motions” is the most fundamental property of motion sick-
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ness and highlights the key role of the vestibular system. Evidence for this property
comes from studies on patients with bilateral labyrinthectomy, who report a com-
plete absence of motion sickness due to inertial motions (Golding, 2006). Moreover,
patients with labyrinthine lesions show decreased motion sickness sensitivity (Dai
et al., 2003, 2007). In these patients with vestibular deficits, the brain no longer re-
ceives the innately ambiguous and imperfect signals from both the otoliths or the
semicircular canals. Therefore, the underlying kinematic states that would have
produced the absent sensory information cannot be observed, thus preventing the
sensory conflict from ever arising. Although critical for inertially induced motion
sickness, the presence of a functioning vestibular system is not required for sickness
induced by purely visual stimuli (Johnson and Sunahara, 1999). This means that
even though adequate modelling of the vestibular system is essential for predicting
motion sickness caused by automated vehicles, one must not discount the fact that
motion sickness in general is a multisensory phenomenon, and requires integration
of all sensory modalities.

The second property of motion sickness is that “Exposure to sickening motions leads
to habituation to these motions”. This was the first property that historically linked mo-
tion sickness to the observer framework (Reason, 1978). Novel motion environments
are thought to cause prediction errors between the sensed and expected sensory in-
formation. Reason (1978) used the word “neural store” to refer to the internal model
from which the observer derives the expected sensory information. This prediction
error slowly updates the internal model until the incident sensory information from
the novel environment is no longer novel, but as expected. This habituation happens
over the span of days (McCauley et al., 1976; Wood et al., 1994) and also has a large
degree of inter-individual variability.

The third property, “Self-motion does not cause motion sickness”, just as the second,
points to the importance of internal models. For self-induced motions, the observer
has a copy of the control signal that is used to manipulate one’s actuators (Oman,
1982). This control signal acts like an address, facilitating easy acquisition of the ex-
pected sensory signal from the internal model, enabling the organism to perfectly
anticipate oncoming sensory information. This explains why drivers rarely get sick
(Schmidt et al., 2020). The importance of anticipation is further supported by exper-
iments using a yoked design (Lackner, 2014). In these experiments, a master-slave
joystick setup allowed one participant to drive the motion and the other to anticipate
it. Sickness levels were not significantly different between the participants that were
driving the motion and the participants who could anticipate the oncoming motions
from the mechanically coupled joystick.

The fourth property is that "There is large inter-individual variation in sickness dy-
namics". This variation is introduced in multiple places. For instance, the size and
dynamics of the vestibular sensors vary between individuals (Wang et al., 2013).
Likewise, there will also be differences in the internal model predictions subject to
historical motions encountered by a given individual (Golding, 2006). Lastly, vari-
ation is introduced at the final level, where prediction errors are integrated over
time into motion sickness symptoms. It can be the case that some individuals are
more sensitive to prediction errors than other individuals, and so experience more



1. INTRODUCTION

sickness. For a motion sickness model to be biologically feasible, it must capture
this individual variability. Not only is this scientifically important, but it is also im-
portant for the usability of these models for comfort optimisation. This is because
correlations, which seem strong at the group level, may not actually hold at the indi-
vidual level. This is known as the "Ecological Inference Fallacy" (Freedman, 1999) and
could mean that motion comfort algorithms, despite being developed with averaged
population responses in mind, may on average fail for a given individual.

1.4. OBSERVER THEORY AND MOTION SICKNESS
Oman (1982) was able to capture these properties of motion sickness in his observer
based approach, as illustrated in Figure 1.3. In this approach, the desired kinematic
state is compared with the estimated current state, and the resulting error is used to
compute a control signal which is sent to the actuators. The A and B blocks shown
here describe the real physics of the system, where the ’system’ in this case is the
head. The physical effect of actuators is summed with the effect of the current state
on the system and integrated over time to yield the true state in the next time point.
These true internal states are then measured by the sensory apparatus. The sensory
information, or the afference signal, is then compared with the expected sensory
signal. The expected sensory signal is computed in the same way. Here, the con-
trol signal that was sent to the actuators is also sent to an internal model of the real
physics, given by Â and B̂. The brain computes the expected sensory effect of this
control signal. The conflict between the expected sensory afference and the real sen-
sory afference helps the estimated states track the true internal states and updates
the internal model parameters. A wide range of papers (Bos and Bles, 1998; Dai
et al., 2010; Oman, 1982) have suggested that the conflicts that occur are then also
integrated over time to drive motion sickness development.

Some authors (Wada, 2021; Kamiji et al., 2007) have built upon this conceptual
framework. Bos and Bles (1998) famously developed their “Subjective Vertical Con-
flict” model (SVM), where the authors argued that as gravity is a fixed property
of terrestrial living, organisms rely on it to provide a reliable frame of reference
for navigation and orientation in three-dimensional space (Mackrous et al., 2019).
Therefore, motion sickness is likely caused by a conflict between the sensed grav-
ity and the internally estimated gravity. This model (Bos and Bles, 1998) was fitted
to the group empirical sickness sensitivities obtained by O’Hanlon and McCauley
(1973), who investigated the percentage of participants that vomited due to vertical
accelerations as a function of frequency and acceleration amplitude. The SVM was
able to reliably match the vertical acceleration sickness data. Since this seminal pa-
per, there have been attempts to account for sickness produced by: horizontal plane
accelerations (Khalid et al., 2011b), other multi-degree of freedom stimuli (Kamiji
et al., 2007), as well as the effect of anticipation (Wada, 2021). However, these ap-
proaches have had a mixed degree of success, with most models fitting well to single
degrees-of-freedom (dof) motion stimuli, but generalising suboptimally to multiple
degrees-of-freedom.

Vehicular transport exposes passengers to these multiple degrees-of-freedom.
Cornering, accelerating and decelerating causes noticeable accelerations in the hor-
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Fig. 1.3 Observer framework proposed by Oman (1982) to account for the observed properties of motion
sickness development. he left part (blue & red) describes motion generation and state estimation. The
right part (green) describes motion sickness development as function of sensory conflict (see also Fig 1.4)

izontal plane. Moreover, these horizontal plane accelerations may cause roll and
pitch of the vehicle body, but also the passengers themselves inside the vehicle. Due
to the large number of dof, and their possible interactions, experimentation is too
costly. Instead, the most promising approach is likely through a combination of ex-
perimentation and modelling using the observer framework.

As shown in Figure 1.3, the observer framework ties motion sickness to motion
perception through the errors in the estimation of true kinematic states. Studies (Dai
et al., 2003, 2007; Tanguy et al., 2008; Young et al., 2003) have mainly explored this
by evaluating the relationship between motion sickness susceptibility and the veloc-
ity storage mechanism, shown in Figure 1.2. These studies have identified a strong
correlation between the time constant of velocity storage and susceptibility to cross-
coupled coriolis. Other perceptual parameters, such as the dynamics of the sub-
jective vertical, which is thought to modulate the tilt-translation ambiguity present
during low frequency fore-aft accelerations (Wertheim et al., 2001), has received less
attention. Furthermore, to date, frequency sensitivity to motion sickness and motion
perception parameters have not been concurrently evaluated. In particular, it has
not been proven that individual motion perception parameters correlate to individ-
ual motion sickness sensitivities. Evaluating this would enable better accounting of
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motion sickness.

1.5. CONFLICT TO SICKNESS
The observer illustrated in Figure 1.3 uses sensory expectancy conflict as a way of
obtaining better estimates of the internal states. The conflict signal is also thought to
drive motion sickness, with different authors treating the conflict in different ways.
In Bos and Bles (1998), the absolute value of the conflict is first scaled using a Hill
function. This means that conflict takes on a sigmoidal scaling, with low values
tending to zero and high values tending to one. The scaled conflict is then passed
through a leaky integrator, whose output is the percentage of people that vomited.
This approach has a number of limitations. Firstly, it conflates what is the internal
dynamics that leads to sickness at an individual level given by the scaled sensory
conflict, and the averaged group sickness dynamics. For a physiologically valid
model of motion sickness, the final sickness predictions should map to individual
sickness trajectories, not group-averaged ones. Secondly, due to its binary nature,
the prediction of vomiting incidence is less useful for ride comfort optimisation than
the prediction of motion sickness symptoms on a finer scale of increasing severity.
Lastly, the parameters of the model have to be identified for each type of motion
stimulus, which is inconvenient for complex motions.

The model of nausea proposed by Oman (1991) addresses these shortcomings.
In this model, the absolute value of the conflict signal is input to a more physiolog-
ically plausible model of sickness. This model is composed of two paths, see Figure
1.4, the slow and the fast path. The slow path increases slowly, with a time constant
that is approximately an order of magnitude longer than that of the fast path, and
is thought to be hormonal. The fast path, acts on a shorter timescale than the slow
path and is thought to be neural. The input to the fast path is the absolute value
of the sensory conflict multiplied by the current value of the slow path. The scal-
ing of the gain of the fast path by the slow path makes the model non-linear, and
so allows it to describe the phenomenon of hypersensitivity. Hypersensitivity occurs
when individuals who have been recently made sick are sensitised to further mo-
tions, such as to become sick much quicker than during their initial exposure (Gold-
ing and Stottt, 1997). This effect is likely due to an increase in the levels of sickness
mediating compounds (Oman, 1991). Indeed, among others, studies have reported
an increase in adrenocorticotropic hormone, cortisol and antidiuretic hormone after
motion sickness (Otto et al., 2005). Unfortunately, it is not clear which endocrine
responses contribute to the aetiology of motion sickness and which are irrelevant or
parallel. Lastly, the outputs of both paths are summed to give an overall sickness
rating as the model output (see Figure 1.4). It should be noted that the Oman model
is an abstraction of the true physiological process underpinning the accumulation
of motion sickness symptoms. On a biological level, neither the nature of the neu-
ral path nor the emetic linkage to the vomiting and nausea centres are at this time
confirmed.

In addition to these biological unknowns, there are also knowledge gaps on the
model level. For instance, although the Oman model is a promising candidate for
the link between sensory conflict and motion sickness symptoms it has not been vali-
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dated and the parameters that govern its dynamics have not been estimated from ex-
perimental data. Moreover, although the purpose of using an individualised model
of symptom development is clear, it is not clear whether individual sickness re-
sponses are sufficiently "repeatable" as to allow modelling them using this approach.
Assessing repeatability also gives an indication for whether important information
on the dynamics of sickness can be determined from within individual correlations,
which is a source of data that has often been overlooked in motion sickness research.
Lastly, it is not certain how well the Oman model generalises to mixed acceleration
environments such as traffic, where different amplitudes of sensory conflict are en-
countered.

Fig. 1.4 The figure illustrates the Oman model of nausea. It is made up of two paths; the slow and the fast
path. The slow path is a hormonal path and is thought to accumulate slower than the fast path, which is
a neural path. Both the slow path and the fast path may be represented by a second order system with
repeated roots. The slow path is the gain to the fast path and the output of the two paths are summed to
give a sickness rating

1.6. RESEARCH OBJECTIVE
To summarise, though there exists a large body of literature regarding the aetiology
of motion sickness, mathematical modelling and model-based prediction of motion
sickness accumulation over time itself is still in its infancy. While models using the
observer framework have been formulated to describe population-level motion sick-
ness due to mainly single degree-of-freedom motions, investigation of the relation-
ship between motion perception and motion sickness for individuals using classical
system identification methods is scarce. Moreover, current models require exten-
sions to be able to predict the time evolution of motion sickness in multiple, cou-
pled degrees-of-freedom motions with mixed amplitudes. Lastly, sickening motion
experienced in traffic usually come in clusters, i.e. stop and go traffic separated by
waiting at a traffic light. This makes modelling hypersensitivity also very important.
Therefore, the objective for this thesis is:
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Understanding and modelling of motion sickness accumulation and its
individual differences for the comfortable control of automated vehicles.

Thesis Objective

1.7. APPROACH
The thesis objective is actualised via the three-part process described below:

I Quantitative Analysis of Individual Differences: Large variation in individ-
ual susceptibility to motion sickness is a widely cited fact. Despite this, mo-
tion sickness dynamics at the individual level have not been quantitatively
assessed. Such an assessment is important to avoid the pitfalls associated with
inferring individual behaviour from group behaviour. This step is therefore
crucial for developing personalised motion algorithms in automated vehicles.

II Modelling the Temporal Dynamics of Motion Sickness: The mapping from
sensory conflict to motion sickness symptoms is complex and non-linear. The
model by Oman (1990b) is the most advanced model proposed to capture this
complexity. However, its parameters have not been determined and its gen-
eralisability to different motion stimuli is unclear. This part aims to use the
Oman model of Nausea to study the temporal dynamics of individuals. At
the same time, it aims to assess model validity to different motion stimuli and
improve it where possible and needed.

III Modelling the Dynamics of Sensory Conflict: Prior to mapping sensory con-
flict to motion sickness, one must ascertain sensory conflict terms associated
with a motion stimulus. This part aims to review the currently available means
of modelling motion sickness via the observer framework. It compares various
models, to find the best existing model for motion sickness prediction. More-
over, various perceptual mechanisms that generate the sensory conflict terms
that might contribute to motion sickness modelling are identified.

1.8. THESIS OUTLINE
The three-part approach outlined above is presented in the chapters of this disserta-
tion. The relationship between the chapters, the secondary questions and objectives,
as well as each part of the approach used to advance the main aim of the thesis, is
illustrated diagrammatically in Figure 1.5.

1.8.1. CHAPTER 2: OBJECTIVE AND SUBJECTIVE QUANTIFICATION
OF INDIVIDUAL AND GROUP RESPONSES TO SICKENING STIM-
ULI

Chapter 2 describes two experiments that evaluated the temporal evolution of mo-
tion sickness in a highly dynamic sickening drive in a passenger vehicle. Experiment
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Chapter 1

Introduction

Part Ɪ:

Quantitative Analysis of 

Individual Differences 

Part ꞮꞮ:

Modelling the Temporal 

Dynamics of Motion 

Sickness

Part ꞮꞮꞮ:

Modelling the Dynamics of 

Sensory Conflict

Chapter 2: Objective and Subjective Quantification of 

Individual and Group Responses to Sickening Stimuli

1. Effect of visual condition

2. Individual Repeatability 

3. Hypersensitivity

4. Physiological Measures

Chapter 3: Amplitude and Temporal  Dynamics of Motion 

Sickness

1. Individual Amplitude Sensitivity

2. Mixed Amplitude Oman Model 

3. Sickness Forecasting 

Chapter 4: Individual Motion Perception Parameters and 

Motion Sickness Frequency Sensitivity in Fore-Aft Motion

1. Individual Frequency Sensitivity

2. Motion Perception Parameters and Frequency Sensitivity   

Chapter 5: Validation of Perception Models for Motion 

Sickness Prediction

1. Validating Perception Models for Sickness Prediction

2. Identifying important Sensory Conflict Terms 

3. Identifying Perceptual Mechanisms Contributing to Motion 

Sickness Modelling  

Chapter 6

Discussion and Conclusion

Fig. 1.5 This figure illustrates the outline of the thesis with respect to the three part research approach
taken in section 1.7 and their relationship to each of the chapters described in detail in section 1.8

1 studied the effect of internal and external visual condition on the development of
motion sickness. Experiment 2 studied hypersensitivity caused by second motion
exposure. Importantly, in Experiment 2, the trial-to-trial repeatability of the time
evolution of sickness was studied using the Oman model. Lastly, physiological mea-
sures such as heart rate (HR), heart rate variability (HRV), galvanic skin resistance
(GSR) as well as postural responses such as head roll were collected to ascertain
whether they could be used as objective measures of motion sickness.

Results showed that internal vision was more sickening compared to external vi-
sion, with evidence pointing towards qualitatively different dynamics in the sickness
evolution, possibly mediated by the elevated amplitude of the sensory conflict in the
internal vision condition. Furthermore, hypersensitivity was observed and could be
modelled accurately by the Oman model. The Oman model itself could be simpli-
fied such that the responses were described well by only two parameters, rather than
the five used in the original formulation, to individual participants. Trial-to-trial re-
peatability was high, with individual level modelling based on the simplified Oman
model providing results that were more accurate than group-level modelling. This
was indicative of the sickness response being largely a deterministic function of the
encountered motions. Lastly, the GSR was the only objective measure that corre-
lated with motion sickness. Here, both the tonic and phasic components had a large
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correlation.

1.8.2. CHAPTER 3: AMPLITUDE AND TEMPORAL DYNAMICS OF MO-
TION SICKNESS

Chapter 3 aims to build on the modelling work of Chapter 2. In this chapter, the time
evolution of motion sickness was evaluated in a repeated measures design for 17 par-
ticipants that were subject to 4 levels of single degree-of-freedom horizontal plane
accelerations. The aim was to explore the amplitude dynamics of sickness and also
verify whether the Oman model generalised for different motion amplitudes and if
it did not, to improve it such that it did. The aim of this is twofold. Firstly, it allows
for motion sickness prediction in the mixed acceleration environments that are ubiq-
uitous to vehicular travel. Secondly, it allows for adaptive adjustment of motion
platform accelerations in motion sickness studies aiming to investigate correlation
between motion sickness and dependent variables such as task performance.

The results showed that individuals may show convergent or divergent sickness
trajectories, whereby convergent trajectories are modelled better with current tools.
The Oman model was validated, and its key parameters were identified: with the
fast and slow time constants at a median value of 66.2 and 502.4 s respectively and a
median gain of 70.8. Moreover, the results indicated that these time constants were
invariant with the amplitude of the motion, making it likely they are idiosyncratic
parameters, unique to the individual. It was also found that a non-linear power
scaling at the output of the Oman model with an exponent of 0.4 allowed for cross-
amplitude generalisability to different stimulus amplitudes.

1.8.3. CHAPTER 4: INDIVIDUAL MOTION PERCEPTION PARAME-
TERS AND MOTION SICKNESS FREQUENCY SENSITIVITY IN
FORE-AFT MOTION

In this chapter, motion sickness was related to motion perception through a com-
bination of experimentation and modelling. In particular, the relationship between
tilt-translation ambiguity resolution, as well as the velocity storage mechanism, was
empirically studied. For this, 23 participants first underwent two motion perception
experiments, from which the time constant of the subjective vertical and the time
constant of the velocity storage were derived. In addition to this, an observer-based
model of perception evaluated in chapter 5 was used to derive the cross-over fre-
quency of tilt-translation ambiguity resolution. The participants were then subject
to 5 sickness sessions whereby they underwent fore-aft oscillations of the same accel-
eration but varying frequency. In this way, their motion perception parameters could
be related to their sickness frequency sensitivities at the individual, rather than the
group, level.

The results showed that frequency sensitivity of motion sickness to fore-aft ac-
celerations is an idiosyncratic property of the participant. Some participants were
sensitive to low-frequency accelerations, other to mid and higher frequency accel-
erations. Unlike the individual responses, the group sickness sensitivity curve had
a larger bandwidth. This has important consequences for model fitting. Tradition-
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ally, sickness models are fitted using singular motion perception parameters on to a
group average of sickness sensitivity. This method is inappropriate due to the dis-
connect between individual and group responses identified in this experiment. This
is important for motion, path, and route planning algorithms that usually minimise
group averaged sickness response, wherein doing so may be both too limiting to
vehicle performance and inadequate for sickness minimisation.

Lastly, even though the relationship between sickness frequency sensitivity and
motion perception parameters was in the anticipated direction, the correlations were
not significant. However, there was a strong correlation between overall motion
sickness sensitivity and the subjective vertical time constant, which supports the im-
portance of verticality perception during exposure to translational sickness stimuli.

1.8.4. CHAPTER 5: VALIDATION OF PERCEPTION MODELS FOR MO-
TION SICKNESS PREDICTION

The most widely used motion sickness model is the SVM. Its operating principle is
based on the observer framework, which derives sensory conflict terms from the pro-
cess used to obtain estimates of true kinematic states. There are, however, a number
of observer-based models of motion perception that can likewise be used to derive
sensory conflict terms (Bos and Bles, 1998, 2002b; Wada, 2021; Clark et al., 2019; Lau-
rens and Droulez, 2007). The aim of this chapter was to analyse, both analytically
and in simulation, the response of three models of motion perception in both motion
perception and motion sickness. These were the Subjective Vertical Model (SVM),
Multi-Sensory Observer Model (MSOM) and the Particle Filter Model (PFM). In this
way, the usefulness of these models for motion sickness prediction was evaluated.
Moreover, promising mechanisms of action that might be important for generating
correct model predictions could be identified.

The results of this study showed that though the models provided a good match
for the motion perception paradigms studied, they did not capture the full range of
motion sickness observations. Moreover, two important mechanisms were identi-
fied for motion sickness prediction. The first mechanism was an active estimation
of the magnitude of gravity, which was found to be the only feasible way of ex-
plaining motion sickness caused by vertical accelerations. The second mechanism
identified was the somatogravic effect, as mediated by the two-way coupling be-
tween the semicircular canals and the otoliths. This was found to be important to
model the differences in the frequency sensitivities between vertical and horizontal
plane accelerations.

1.9. SCOPE
In this introduction, motion sickness has mainly been linked to the observer frame-
work, which was born out of the works of Reason (1978) and Oman (1982). However,
there are other theories of motion sickness development. For example, an often cited
alternative explanation is the "Postural Instability Theory" (PIT) proposed by Stoffre-
gen and Smart (1998). PIT states that "animals become sick in situations in which they
do not possess (or have not yet learned) strategies that are effective for the maintenance
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of postural stability". The PIT explores motion sickness through the perspective of
ecological psychology, and is motivated by the work of Gibson (Shapiro and Spauld-
ing, 2021) on embodied cognition. Embodied cognition rejects the methods of internal
modelling and sensory conflict as used in this thesis (Stoffregen et al., 2017). These
methods take the Computational Theory of Mind (CTM) as their central paradigm, and
as discussed in the introduction, are supported by a wide array of empirical find-
ings. Therefore, this thesis approaches the problem of motion sickness through the
framework of CTM.

The exact form to model the computational process is open to choice. One can
model it at the biophysical level, employing realistic physical modelling of neurons,
synapses and their collective interactions. Or indeed, as this thesis has done, at
higher levels of abstraction and use classical control theoretic models. These models
perform computations on natural units, such as acceleration and angular velocity,
contrary to the rate and time coded neural spikes used by the brain. This abstrac-
tion comes with advantages and disadvantages. One disadvantage is that certain
phenomena, such as the apparent reduction in motion sickness due to bone con-
ducted vibrations (BCVs) (Bos, 2015), is not an emergent behaviour of the model,
but as a consequence of manually changing gains of the model. The advantage, on
the other hand, is that control theoretic modelling generally has a smaller number
of parameters that can be directly correlated with observations from psychophysical
experimental, and thus is more interpretable.

All perception and sickness models in this thesis only include the vestibular sys-
tem and not the visual, nor the somatosensory system. This is mainly because mod-
elling vestibular perception and motion sickness due to inertial motions only, with-
out the presence of any visual input, is a complex task that has not been solved.
Indeed, there were attempts made by the author to include vision in the models
evaluated, but it was determined that doing so added complexity without apparent
gain. Moreover, experiments have also shown that there is no relationship between
the rank order of visual deprivation and susceptibility to motion-induced motion
sickness (Graybiel, 1970). This means that exclusion of vision is not counterproduc-
tive to development of usable models. Due to the rarity of complete deafferentation
of the somatosensory system, most studies are conducted with one or two partici-
pants (Richardson et al., 2015; Blouin et al., 2007; Hermsdorger et al., 2008). There-
fore, a similar statement to Graybiel (1970) on the relationship between motion sick-
ness and somatosensation cannot be made. However, the models we used were able
to recreate perceptual observations even without the inclusion of somatosensation.
Therefore, as applied in this thesis, simplification is likely suitable for studying mo-
tion sickness development in automated driving with internal vision.

Another important point to note is that motion sickness currently does not have
a physical unit of measurement. Subjective ratings obtained using the MISC scale
was determined to be the most promising way of measuring the increase in sickness
as a function of time. The main reason for using the MISC was that it is tied to the
specific symptoms experienced by the participants. Using the MISC also makes it
easier to relate the symptoms experienced between participants.
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2. INDIVIDUAL AND GROUP RESPONSES TO SICKENING STIMULI

2.1. ABSTRACT
We investigated and modelled the temporal evolution of motion sickness in a highly dynamic
sickening drive. Slalom manoeuvres were performed in a passenger vehicle, resulting in lat-
eral accelerations of 0.4 g at 0.2 Hz, to which participants were subjected as passengers for
up to 30 minutes. Subjective motion sickness was recorded throughout the sickening drive
using the MISC scale. In addition, physiological and postural responses were evaluated
by recording head roll, galvanic skin response (GSR) and electrocardiography (ECG). Ex-
periment 1 compared external vision (normal view through front and side-car windows) to
internal vision (obscured view through front and side windows). Experiment 2 tested hyper-
sensitivity with a second exposure a few minutes after the first drive and tested repeatability
of individuals’ sickness responses by measuring these two exposures three times in three suc-
cessive sessions. An adapted form of Oman’s model of nausea was used to quantify sickness
development, repeatability, and motion sickness hypersensitivity at an individual level. In-
ternal vision was more sickening compared to external vision, with a higher mean MISC (4.2
vs. 2.3), a higher MISC rate (0.59 vs. 0.10 min-1) and more dropouts (66% vs. 33%) for
whom the experiment was terminated due to reaching a MISC level of 7 (moderate nausea).
The adapted Oman model successfully captured the development of sickness, with a mean
model error, including the decay during rest and hypersensitivity upon further exposure, of
11.3%. Importantly, we note that knowledge of an individuals’ previous motion sickness
response to sickening stimuli increases individual modelling accuracy by a factor of 2 when
compared to group-based modelling, indicating individual repeatability. Head roll did not
vary significantly with motion sickness. ECG varied slightly with motion sickness and time.
GSR clearly varied with motion sickness, where the tonic and phasic GSR increased 42.5%
and 90%, respectively, above baseline at high MISC levels, but GSR also increased in time
independent of motion sickness, accompanied by substantial scatter.

2.2. INTRODUCTION
Motion sickness is a maladaptation syndrome where aggravating motions trigger
autonomic symptoms such as salivation, dizziness, headaches, panting, hot/cold
flushes, stomach awareness, nausea and vomiting. Chronic exposure to sickening
motions may lead to the sopite syndrome, which is associated with lethargy, fatigue
and drowsiness (Bertolini and Straumann, 2016; Lackner, 2014). Eliminating motion
sickness, particularly in ships and trains, has been long sought after, and automated
vehicles are another mode of transport added to this list. The public outlook towards
automated driving is positive, fuelled by the foreseen freedom automated vehicles
can provide. Users wish to be able to engage in activities that do not necessitate road
observation. However, as shown in a multitude of previous studies (Turner and
Griffin, 1999; Kuiper et al., 2018; Salter et al., 2019), motion sickness becomes a major
constraint when taking the eyes off the road. Fortunately, there are conceivable ways
of reducing sickness incidence. For instance, route and path planning algorithms as
well as smart active suspension controllers installed in future modes of transport
may help ease symptoms. However, to be successful, these technologies rely on the
accurate modelling of motion sickness, taking into account the motion and the visual
viewing conditions.
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The modulating effect of viewing condition on sickness has been demonstrated.
Griffin and Newman (2004a), driving on Southampton urban roads, observed no sig-
nificant differences between internal vision, which is when the passenger can only
see inside the cabin, and blindfolded vision. However, both conditions showed ap-
proximately twice as high subjective sickness ratings as the external vision. Like-
wise, Butler and Griffin (2009) found internal/blindfolded approximately twice as
sickening as external vision in combined fore-aft acceleration and pitch rotation at
0.1 Hz. However, Butler and Griffin (2006) found no differences in sickness between
internal, external and blindfolded for pure fore-aft accelerations at 0.1 Hz 0.89 ms-2

rms. This suggests that the alleviating effect of external vision only occurs when the
motions experienced lead to a perception of rotation. One of the aims of this study is
therefore to quantify the influence of viewing condition on sickness during complex
rotational and translational motions, as present during cornering.

The mathematical modelling of motion sickness thus far focused on population
averaged measures of motion sickness. To name two, these may be in the form of
motion sickness incidence (MSI) (O’Hanlon and McCauley, 1974) and motion sick-
ness rating (MSR) (Griffin and Howarth, 2000). The computation of this averaged
illness inherently transforms the data, such as to exhibit a converging sickness re-
sponse profile, as seen in much of the literature (Bijveld et al., 2008; Cian et al.,
2011; Bos et al., 2005). However, individuals show a range of responses that can
broadly be categorized as convergent, i.e., to saturate at a certain level, or diver-
gent, with a rapid increase towards emesis described by Bock and Oman (1982) to
be an "avalanche" effect. After exposure to sickening motions, humans need min-
utes or even hours to recover. Within this recovery period, humans display "hyper-
sensitivity" to new motion stimuli (Oman, 1990a). The modelling of individual dy-
namics is used widely in cybernetic research, one example being driver modelling
(Barendswaard et al., 2017; Mars et al., 2011; Van Der El et al., 2017). This study
aims to use a similar approach to motion sickness. The use of individual responses
for modelling hinges on the assumption that individual responses are repeatable.
That is, the response dynamics is a largely deterministic function of the motion stim-
uli, while the influence of internal psychological factors on the day-to-day response
variation, is much smaller than the inter-individual variation. The current study
therefore aims to quantify the repeatability of motion sickness responses to sicken-
ing stimuli.

Posture is shown to be an important factor in sickness severity. Participants ex-
posed to earth horizontal vibrations when upright reported sickness responses factor
four greater than for lying supine (Golding et al., 1995). The dependency of sickness
on posture is in concord with the postural instability theory proposed by Riccio and
Stoffregen (1991). They state that animals become sick in situations in which they
do not possess adequate control strategies that are required for the maintenance of
postural stability, and that postural instability precedes the symptoms of motion
sickness, where postural instability is necessary to produce sickness symptoms. Fol-
lowing the postural instability theory, a supine posture is less sickening because it
is an inherently more stable configuration. Several experimental studies support the
postural instability theory using visual optic flow as a method of inducing sickness
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(Stoffregen and Smart, 1998; Villard et al., 2008; Smart et al., 2002; Stoffregen et al.,
2014). "Studies using inertial motions have found some postural differences between
sick and well groups (Tal et al., 2010; Stoffregen et al., 2013; Varlet et al., 2015). How-
ever, these experiments did not measure posture during the build up of sickness,
only before and or after. Hence, we studied 3D posture maintenance of the head
during our sickening drive experiments."

Models of sickness have predominantly relied on subjective measures of illness
or objective vomiting incidence. However, both have their misgivings. For instance,
the former is affected by participant uncertainty on how they are feeling, which is an
issue in particular at lower sickness levels. The latter, on the other hand, cannot yield
any information on individual responses, nor the time history of sickness. Subjective
ratings also have a low time and sickness resolution. For instance, the MISC rating
scale (Bos et al., 2005) usually ranges from 0-7 from no discomfort to moderate nau-
sea, and reliable estimates may only be given in ≈30 s intervals. Moreover, querying
the MISC may even affect sickness development (due to increased introspection)
and performance on other experimental tasks. Accurate modelling, however, ide-
ally requires objective measures with high time and sickness resolution. Physiologi-
cal measurements such as electrocardiography (ECG) using the low-high frequency
ratio (LF/HF), of heart rate variability (HRV), heart rate (HR) and galvanic skin re-
sponse (GSR) and also postural stability, may be appropriate for this purpose. Many
studies have evaluated HR (Cowings and Toscano, 1993; Holmes and Griffin, 2001;
Mullen et al., 1998), HRV (Holmes and Griffin, 2001; Himi et al., 2004; Lin et al., 2011;
Ohyama et al., 2007; Dahlman et al., 2009) and GSR (Wan and Hu, 2003; Dahlman
et al., 2009; Himi et al., 2004) as measures of motion sickness. Under the large range
of motion sickness levels encountered by participants in this study, we aim to clarify
how these physiological measures correspond to sickness.

Overall, this study aims to 1) quantify the differences for internal and external
vision conditions during complex motion experienced in cornering, 2) quantify the
repeatability of individual motion sickness responses in time including hypersensi-
tivity, 3) validate Oman’s nausea model to describe the individual time evolution of
sickness, and 4) relate objective physiological and kinematic variables such as HR,
HRV, GSR, and postural stability to subjective sickness rating.

2.3. METHODS
The present study comprises two complementary experiments exposing participants
to a sickening drive. Experiment 1 aims to quantify the effect of visual view on
motion sickness. Experiment 2 aims to quantify individual response repeatability
and hypersensitivity.

2.3.1. PARTICIPANTS
In total, 24 participants took part in the first experiment, where 18 participants com-
pleted both internal and external visual conditions. Of the 24 that took part, 6 par-
ticipants were female and 17 were male. Of the 18 participants completing both
internal and external vision conditions, 4 were female 14 were male and. 3 of the
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18 participants were experimenters themselves. These 18 participants had a median
motion sickness susceptibility questionnaire (MSSQ) score of 16 indicating that they
were of above average motion sickness susceptibility. The MSSQ was not used in
the participant selection process.

For the second experiment, 17 participants took part, of which 13 participants
completed all 3 sessions, investigating repeatability. Of these 13 participants, 3 were
female and 10 were male. None of the participants were experimenters. The median
MSSQ score of these 13 participants was 5 indicating they were of below average
susceptibility.

No participants performed both experiments. All participants had normal or cor-
rected to normal vision. None of the participants reported any vestibular disorders.
The mean age for the two experiments was 26.1 years (STD = 8.2). Lastly, all partic-
ipants were asked to refrain from recreational drug consumption, including alcohol
and caffeine, from at least 24 hours prior to the experiment.

All participants provided written informed consent prior to participation. The
experimental protocols for both Experiments 1 and 2 were approved by the Human
Research Ethics Committee of TU Delft under application numbers 420 and 521.

2.3.2. APPARATUS
Participants were seated in the middle back seat of a Toyota Prius (2013 model), see
Figure 2.1, on top of a friction mat to prevent lateral slippage at the buttocks/seat
interface. The vehicle was instrumented with a 6-DoF Inertial Measurement Unit
(IMU) mounted at the bottom of the rear middle seat, below the seated participant,
recording acceleration, orientation and angular velocity at a frequency of 100 Hz.

In the experiments described in this chapter, we tested sickness development in
two visual conditions, i.e., internal vision and external vision. In the external vision
condition, participants had a normal view of the road ahead through the front and
side windows of the car. In the internal vision condition, the front view was obscured
by a cardboard panel, affixed to the front seats. In addition, the side view was ob-
scured by cardboard templates stuck to the windows. This effectively obstructed all
views of the road and the movement of the vehicle.

2.3.3. TASK & STIMULI
For both experiments, the vehicle described in Section 2.3.2 was used to drive slalom
trajectories. For this purpose, a closed road of length 240 m and width of 10 m
was used. The slaloms were of an amplitude of 3.5 m and a frequency of 0.2 Hz.
The longitudinal velocity of the vehicle was held approximately constant, via man-
ual control, at 25 km/h. The slalom frequency was maintained with the help of a
metronome. The road markings at the road boundary were used as a guide mark
for the motion. As a consequence, the participants experienced lateral accelerations
with a peak amplitude of 0.4 g. At the end of the available road, a 3-point turn was
performed and the slalom restarted. Before each 3-point turn, 8 slaloms were per-
formed. Such a single test stretch was completed in approximately 40 seconds. Each
3-point turn took 8-10 seconds to complete. The relatively large excitation used in
both experiments aimed to obtain a robust sickness response and a large distribution
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(a) (b)

Fig. 2.1 Experimental setup. Left is the Prius 2013 model on the test road used during the experiments in
the process of performing a slalom. Right shows the internal vision condition where the external view to
the sides and front is blocked

of sickness ratings within the population. This supports the analysis and modelling
of individual sickness development in time. In both experiments, participants were
told to assume a relaxed posture with their feet placed wide apart, their hands on
their knees, with a straight back looking directly out of the front wind screen for the
external vision condition, or at the cardboard cover occluding the wind screen in the
internal vision condition. The air condition regulating the internal temperature of
the vehicle was set to 18◦C.

In this chapter we define a "session" as an experimental block that starts from the
time at which a participant comes in to the experiment staging room on a particular
day, until they have completed the experiment and have been debriefed, leaving
the staging room. An "exposure" refers to the motion exposure. In the Experiment 1,
there is only one motion exposure. In the Experiment 2 there are two: the first motion
exposure, followed by a rest, which is followed by a second motion exposure to test
for hypersensitivity.

In Experiment 1, all participants were tested in the two different visual condi-
tions (external and internal vision) with an average interval of one week between
both sessions. In Experiment 1, the sickening drive lasted for a total of 30 minutes,
or until the participants reached a MISC rating of 7 or otherwise asked to terminate
the experiment. The order of testing for the two visual conditions was balanced
between participants.

Experiment 2 consisted of 3 repeated identical sessions, where participants ex-
perienced the sickening drive in the internal vision condition only. A one-week in-
terval was planned between each session, aiming to eliminate effects of habituation.
Where Experiment 1 consisted of only a single (maximum 30-minute) motion expo-
sure within each session, in Experiment 2 a second exposure was included in each
session to measure hypersensitivity. Each session of Experiment 2 started with the
pre-experiment drive to the test road , followed by the first motion exposure (M1).
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After a rest period (R1), which brought the participants back down to a MISC rating
of 2, they were given the option to proceed with the second motion exposure. This
second motion exposure (M2) was terminated after 15 minutes or when participants
reached severe motion sickness (MISC of 7) or otherwise requested for the termina-
tion of the experiment. After the second exposure, a second rest period (R2) was
followed by the post-experiment drive to the staging room.

In both experiments, participants were tasked with reporting their sickness level.
For this purpose the MISC scale (Bos et al., 2005) was used as a subjective indicator of
motion sickness during the experiment. The MISC scale is a commonly-used symp-
tom based rating system and provides a measure of sickness which is comparable
between participants. The participants were first familiarized with the MISC rating
at the briefing room, at the start of each session. In Experiment 1 the participants
were asked their MISC rating in 1 minute intervals, during and after the sickening
drive. The participants’ verbal answers, consisting of a single integer MISC rating,
were recorded with pen and paper . In Experiment 2, the interval for MISC requests
was brought down to 40 seconds. An automated system provided an auditory cue
asking "MISC?" and recorded the participants’ verbal answers. The recordings were
then manually processed, which proved to be more robust than the verbal approach
in Experiment 1. In Experiment 2 the MISC was asked from the moment the par-
ticipant entered the vehicle to the moment they returned to the staging ground for
debriefing.

2.3.4. INSTRUMENTATION FOR PHYSIOLOGICAL MEASUREMENTS
The kinematics of the participants were measured via the use of the Xsens full body
inertial motion capture suit (Xsens, 2020), recording at 240 Hz. The motion capture
suit consists of 21 inertial measurement units distributed across relevant body seg-
ments. The raw sensor recordings are paired with a bio-mechanical model of the
human skeleton. This model is calibrated to the participant upon initialisation. The
calibration procedure consists of taking a neutral, N-pose with arms by the side with
a straight upright posture for a few seconds before walking for a few paces with a
natural gait before turning and returning to assuming the N-pose at the point walk-
ing started. The motion capture system processes the raw sensor readings via the
use of this biomechanical model before returning joint angular positions and earth
referenced orientations, accelerations and angular velocities.

The ECG and the GSR measurements were both sampled at a frequency of 1 kHz
via a TMSI Mobita amplifier. The ECG was recorded via 3 leads at the V1, V2 and V3
locations (Rosen et al., 2014). The ground was attached to the participant wrist with
a wet electrode wristband. The GSR was recorded via 2 gel electrodes at the index
and the middle fingers.

2.3.5. DATA PRE-PROCESSING
Head roll was previously reported to relate to motion sickness (Wada et al., 2018).
As the lateral vehicle accelerations in our experiments primarily elicit head roll, mea-
sured head roll was used as the main indicator of postural instability. We evaluated
head roll around the slalom frequency using a 0.15-0.22 Hz band-pass filter. To com-
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Fig. 2.2 Example response of participant 11 for session 3 in Experiment 2. MISC level and vehicle acceler-
ation are shown in the top row. The middle row shows the raw, tonic and phasic GSR, as well as the head
roll. Likewise, the bottom row, shows the heart rate, LF/HF ratio as well as the ratio of the head roll rms
and vehicle lateral acceleration rms

pensate for variation in vehicle motion, we scaled head roll to the vehicle lateral
acceleration. The scaling was done by dividing the moving-average (60 s window)
root-mean-square of head roll, with the moving-average root-mean-square of the ve-
hicle lateral acceleration. Due to the scaling by the rms of the vehicle acceleration at



2.3. METHODS

zero acceleration periods, the relative head roll may be very high. These outliers
caused by the scaling were removed.

ECG gives information on HR and HRV which may be of use in detecting the
development of motion sickness. For this purpose, raw ECG was first recorded and
then detrended by fitting a 6th order polynomial. The subsequent trace was then
transformed using a sym4 wavelet. The 4th and 5th length scales were taken and an
inverse maximal overlap discrete wavelet transform was performed. The resulting
output was squared and fed in to a peak detection algorithm. The detected peaks
were manually checked and any false positive and false negatives were manually
corrected. The HR and HRV were calculated. The latter is the time difference in sec-
onds between adjacent R-R peaks. It was then interpolated using 5th order Lagrange
interpolation with a re-sampling frequency of 10 Hz. The heart rate was then filtered
with a band pass filter of pass band frequency of 0.01 Hz and stop band frequency
of 0.02 Hz. The instantaneous LF/HF was calculated by first computing the Choi-
Williams distribution of the HRV, then band pass filtered with a pass band frequency
of 0.01 Hz and stop band frequency of 0.02 Hz.

The measurements from the GSR device, which are first given in micro-volts,
were first converted to conductance measured in microsiemens (µS). The raw GSR
files were processed using the batch processing command in Ledalab (Benedek and
Kaernbach, 2010b,a). Ledalab is an open source source MATLAB toolbox. It decom-
poses the GSR signal in to its tonic (low frequency) and phasic, (high frequency)
components respectively (Benedek and Kaernbach, 2010b). To quantify the strength
of the phasic, GSR its absolute value was integrated over the time span between the
MISC prompts by deconvolving the original GSR signal.

Figure 2.2 shows example measurements of the MISC, vehicle lateral accelera-
tion, and physiological data from Experiment 2 for participant 11 in session 3. In
this chapter the signals shown for the phasic and the tonic GSR, as well as heart rate
and LF/HF ratio of heart rate variability and head roll rms ratio, are analysed to see
if they are predictive of the MISC level.

2.3.6. DATA ANALYSIS
MEAN MISC AND MISC RATE

To answer our research questions on the effects of visual viewing condition, repeata-
bility of sickness response, and hypersensitivity, the severity of sickness must be
quantified. While many metrics have been used for this, in this study, we use the
mean MISC and the MISC rate as parameters that quantify sickness.

The mean MISC is calculated by averaging all MISC ratings over the intended
M1 exposure period. If a given participant finished a motion exposure prematurely
(by reaching a MISC rating of 7) then for the remainder of the 30-minute duration
a value of 7 is used for this participant in the calculation of the mean MISC. This
padding technique has been employed in a number of earlier sickness studies (Webb
and Griffin, 2003; Griffin and Newman, 2004b). Figure 2.4a shows the dropout rate in
Experiment 1. Figure 2.4c, shows that averaging using a MISC of 7 for missing data
creates a MISC as function of time that deviates from individual curves in Figure
2.4d. However, the alternative of omitting missing data, indicated with dashed lines
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in Figure 2.4c, is even less appropriate and results in a reduction in mean sickness.
Hence, we use the mean MISC as a robust measure per exposure and use MISC
rate and Oman’s model to assess MISC development in time for each individual
exposure.

The MISC rate is calculated as a simple linear measure of how quickly the MISC
has increased. It is calculated from the difference in MISC scores between two rel-
evant time points divided by the time interval between these two time points in
minutes. Here we report MISC rate from the start towards the end of motion ex-
posures M1 and M2. Both the mean MISC and MISC rate are effective metrics for
describing group differences in sickness response.

OMAN’S MODEL

Literature shows various ways of modelling the time response of motion sickness.
In all cases, a sensory conflict term (Oman and Cullen, 2014) is integrated over time
(Dai et al., 2010; Bos and Bles, 1998). For the analysis of the repeatability of sickness
responses in our Experiment 2, we took the rectified lateral vehicle acceleration as
the sensory conflict input. This is appropriate as no visual view of the car motion
was available (so all sensed accelerations were conflicting) and because the sickness
susceptibility for lateral perturbations shows a plateau from 0.03 to 0.3 Hz (Donohew
and Griffin, 2004). The bandwidth of our excitation was within this range, centred
narrowly around 0.2 Hz, and as the lateral acceleration was the dominant motion
this was deemed a good proxy for internal sensory conflict. Even if the conflict were
some scaled factor of the vehicle acceleration, model tuning would scale this appro-
priately to the output MISC rating. The integration of this conflict term may take the
form of a simple integrator as in Dai et al. (2010), or a second-order system as in Bos
and Bles (1998). However, these are simple mechanisms which do not explain the
observations of hypersensitivity that occurred during this study. Hypersensitivity
as a phenomenon was first investigated by Oman (1990a) who developed a model
of motion sickness that aimed to account for both the initial rise in sickness and the
hypersensitivity that occurred after re-exposure to sickening stimuli.

The model as documented by Oman (1990a) is parametrised to have β1 = 60,
β2 = 600, β3 = 2. However, these parameters had not been validated in a structured
manner, and in (Oman et al., 1986) a potential value for the gain K was not identified.
We therefore leave them as free parameters that are tuned to MISC responses for each
individual and session of experiment 2. However, before doing so, we made minor
adjustments to the model (Figure 2.3). We set the numerator of the fast path to 1
and removed the constant gain of 5 from the slow path. This allows us to compute
a unique gain for K. We have also set the power term β3 to 1. This is because,
when fitting the original model we found the β3 parameter to be redundant for the
MISC scale we used. Upon inspecting the results we simplified this model further.
There was a strong correlation (ρ = 0.69) between the time constants of the slow
and fast paths, where β2 = 7β1. We therefore used this substitution to simplify the
original four parameter model in to the two parameter one shown in Figure 2.3. The
substitution greatly simplified the model, while inflating the model fit error by only
1%.
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K
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Fig. 2.3 Adapted 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 2nd order with repeated poles. The fast and slow
path are then summed and the result is raised to a power where β3 0

KINEMATIC AND PHYSIOLOGICAL VARIABLES
In this chapter, we aim to find the relationship between sickness, given by the MISC
rating, and head roll, heart rate, LF/HF ratio of heart rate variability, and GSR. To
obtain a larger dataset, experiments one and two are combined. Only the first mo-
tion exposure of each session is utilized and, because of a potential confound with
hypersensitivity and time related effects, M2 in Experiment 2 is not used. Although
there are two different visual conditions in the first experiment we show that this
makes no significant difference to the head roll response. For the physiological mea-
surements this again is of no importance as we assume that vision does not directly
influence these physiological measures.

For the analysis, the MISC rating at a given time is paired with the associated
physiological and kinematic variable for the point in time the MISC was recorded.
This allows us to perform a regression analysis on these variables and the MISC. As
there were some dropouts for whom the experiment was prematurely terminated
due to reaching a MISC level of 7 (moderate nausea), and missing or partially miss-
ing physiological data due to technical difficulties, all available data were aggre-
gated to paired MISC and physiological responses.

We then built a linear mixed model with random intercepts that relates the cho-
sen kinematic/physiological variable with the associated MISC value. It is seen from
the raw data that time since the start of the experiment may also have an influence
on these variables. For instance, heart rate is influenced by arousal, which is par-
ticularly high at the start of the experiment, likewise, the tonic GSR may increase
as the participant sweats due to the exertion required to stabilize posture. To con-
trol for this, the effect of time is also modeled. In order to make sure the regression
coefficients are not dependent on each other we performed a multicollinearity test
before each regression. Indeed, most responses are similar to those seen in Figure
2.2 and are well approximated with a linear model. As the regression residuals have
a fat tail and are not normally distributed, we bootstrap the regression, using 4000
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iterations of random-x resampling in MATLAB (Fox, 2002). This gives the 2.5% and
97.5% percentile confidence intervals for the regression coefficients.

2.4. RESULTS
2.4.1. EXPERIMENT 1: INTERNAL-EXTERNAL VISION GROUP RE-

SPONSE
The motion sickness incidence in horizontal motion plateaus between the frequen-
cies 0.03 and 0.3 Hz (Donohew and Griffin, 2004). A two-tailed paired t-test was con-
ducted on the average lateral vehicle acceleration power over this frequency range
between the conditions in Experiment 1.
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There was no statistically significant difference between the visual conditions (t
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Fig. 2.4 MISC responses for both internal and external vision conditions recorded during the sickening
drive in Experiment 1. a shows the dropout % as a function of time. b shows mean MISC for internal
vision against external vision. c shows the group-average mean MISC response calculated by omitting the
dropouts (dashed lines) and replacing dropouts by MISC 7 (solid lines). d shows the individual responses

= -0.347, p = 0.733, d f = 17). As the applied vehicle motion stimuli are similar, hu-
man responses can be compared between the visual conditions. Figure 2.4a shows
the dropout rate for the two visual conditions. For internal vision this was 66% and
for external vision this was 33%. Figure 2.4c shows the mean MISC for internal
and external vision conditions. As can be verified from Figure 2.4d, a large num-
ber of participants reached a MISC of 7 within 30-minutes. As explained in Section
2.3.6, for these participants a constant MISC of 7 was taken to compute the mean
group MISC up to 30 minutes. Figure 2.4b shows substantial scatter when relating
the mean MISC for internal and external vision. Apparently, several participants
develop noticeable sickness with internal vision only, while for others the sickness
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with internal vision is close to the level reached with external vision.

Effects of visual condition were evaluated at each sample time using a paired
Wilcoxon signed rank test since MISC is not normally distributed. The sickness re-
sponses for internal and external vision diverge significantly at the 5th minute (p =
0.0166, SR = 12, n = 18). At the end of motion exposure the mean MISC for internal
vision is 5.3 (STD = 2.51) and for external vision this is 3.3 (STD = 2.64). The mean
MISC across time is 4.2 (STD = 1.5) for internal vision and 2.3 (STD = 0.95) for exter-
nal vision. Therefore, throughout the duration of this experiment, internal vision is,
significantly more sickening than external vision. Due to capping MISC at 7 for those
participants that could not complete the 30 minute exposure, the difference is in fact
greater than shown here. MISC rate provides a second measure that is not distorted
due to the capping of MISC at 7. The median MISC rate for internal vision is 0.59,
and for external vision it is 0.1. This is a large and significant (Wilcoxon signed rank
test p = 0.011) difference. The mean MISC, MISC rate and the dropout rate indicate
that, compared to the external vision condition, sickness develops faster and to a
greater level in the internal vision condition. However, the effect of visual condition
varies strongly across participants.

Figure 2.4d shows the MISC responses of individual participants for the two vi-
sual conditions. There is a great variety of responses which, by the averaging in
Figure 2.4c, is lost. From visual inspection, the responses seem to follow two cate-
gories. One is an exponentially divergent, "hockey stick" type response indicative
of an unstable sickness response. The other is an exponentially convergent type re-
sponse indicative of a stable sickness response. To show this, we fit a function of
the form atb to these responses. For b ≥ 1 the response is divergent and for b 1 the
response is convergent. The b parameter is distributed over a large range (0-6.2).
Moreover, for some participants, due to the coarseness of the subjective ratings in
both the temporal and sickness resolution, the parameters cannot be estimated accu-
rately. In addition to this, b cannot be estimated for the participants that do not get
sick. For these participants we set a and b to zero. This makes clustering individuals
difficult. However, it is likely that b is a parameter that depends on the magnitude
of the sensory conflict. Supporting this, using a paired Wilcoxon signed rank test,
we see that the median b for internal vision (higher sensory conflict) is 0.93 which
is significantly greater p = 0.0475 than the 0.39 in external vision (lower sensory
conflict). Indeed, the means 1.46 and 0.69, respectively, indicate complex amplitude
dependent dynamics for sickness progression. Capturing such richness in response
requires models whose parameters can be tuned to fit individual responses.

2.4.2. EXPERIMENT 2: MODEL FIT

We first validate the adapted Oman model shown in Figure 2.3 by fitting it to the re-
sponses observed from Experiment 2. The fitting was done to the individual session
responses of 13 participants. This is because participant 7, 16 and 17 dropped out
of session two and/or session three and the vehicle IMU recording of participant 10
was incomplete. To evaluate the model fit we used the Symmetric Mean Absolute
Percentage Error (SMAPE):
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SMAPE = 100
Σn

t=1|Ft − At|
Σn

t=1|At + Ft|

Where Ft and At are the fitted and the actual value at time t, respectively. This error
metric is well protected against outliers and treats both over- and underestimation
in an unbiased manner.
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Fig. 2.5 Example Oman model fit and predictions for the sickening drive data of Participant 6 from Exper-
iment 2. Left shows the fitted model to the observed MISC of session 2 (SMAPE of 6.4%). Right shows
the predicted MISC when the model parameters found for session 2 are used to predict the response of
session 3 (SMAPE 11.7%)

The model fit has an average SMAPE of 11.4%. This means that while the model
captures most variations, there are certain dynamics that it does not. Looking at the
errors per period, the SMAPE for M1, R1, M2 and R2 is 12.3%, 8.8%, 8.3% and 23.4%,
respectively. Applying multiple Mann-Whitney U tests between R2 and R1 errors,
the p-values are calculated to be p 0.005. Likewise, between M1 and M2 p = 0.003.
With a Bonferroni correction the critical value is α = 0.025 confirming significance of
both effects. The model has more difficulty capturing the MISC change during R2
compared to R1. This may be because R2 has inherently different dynamics than R1,
or more plausibly, because the observation window is larger for R2, which causes
the inaccuracy in the modelling of the rest period to become more apparent. For M1
the error is significantly larger than for M2, which could be due to the fact that M2
on average lasts a shorter amount of time.

2.4.3. EXPERIMENT 2: REPEATABILITY OF INDIVIDUAL RESPONSES
For motion sickness to be modeled by dynamical equations, repeatability in response
is important. Qualitatively, we can see from Figure 2.6 that individuals have a high
degree of repeatability between the consecutive sessions.
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This individual repeatability can be quantified by using Oman’s model (Figure
2.3). To do this, the model was tuned to fit the sickness response of session 2 in
Experiment 2. We verified how well, using accelerations from session 3 as input,
the parameters of session 2, could predict the MISC ratings seen for session 3 (here
session 2 and 3 were compared to reduce skewing effects of habituation that might
be present during session 1 and session 2). An example is shown in Figure 2.5. The
SMAPE over the entire duration of the experiment averaged over 13 participants is
23.2% for session 3 using the parameters obtained by fitting the MISC for session
2. This shows responses to be repeatable over consecutive sessions. As a measure
of how much more information individual responses gives us, this SMAPE can be
compared to the average SMAPE when parameters obtained by tuning for session
2 of a participant is used to predict session 3 of any other participant. In this case
the mean SMAPE is 46.6%. This clearly confirms the reduced accuracy of group-
based models of sickness: individualized models of motion sickness can reduce the
prediction error by a factor of 2.
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Fig. 2.6 Individual responses to the sickening drive across three repeated sessions in Experiment 2
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2.4.4. EXPERIMENT 2: HYPERSENSITIVITY
Hypersensitivity is seen to occur when after a brief rest participants who are exposed
to further sickening motions respond in a much faster manner than during their
initial exposure. This can clearly be observed in Figure 2.6, with a much quicker rise
in M2 than in M1. The median MISC rate was 1.02 min-1 for M2 and 0.395 min-1

for M1 and differed significantly (p = 0.0421, Wilcoxon test). This indicates a much
higher sensitivity in the second exposure.

The adapted Oman model was used successfully to model both the initial re-
sponse (M1) and hypersensitivity (M2), with one set of parameters. Group average
parameters are 441 and 2.18 for β2 and K, respectively. The parameter β2 corre-
sponds to the decay time constant of hypersensitivity. This is, an average value of
441 s, or 7.35 minutes.

2.4.5. EXPERIMENT 2: INFLUENCE OF PARAMETERS
To further support the sickness response modeling results, Figure 2.7 shows the ef-
fects of varying the two parameters of the model (β2 and K) with respect to their
group average values on the model’s predicted sickness response. The top figure
shows that lowering the time constant β2 leads to a faster sickness development. As,
for this chapter, the slow path and fast path time constants are coupled by β2 = 7β1
reducing the value of β2 reduces the value of β1. Doing so reduces the damping of
the sickness response. The lowest β2 and β1 show MISC fluctuations caused by the
stop and turn performed after the slalom seen in Figure 2.7. Varying K on the other
hand, has no influence on the time response and K only acts as the gain on the ampli-
tude of the sickness response. To conclude, the adapted version of the Oman model
is seen to successfully characterize the full course of individual sickness response in-
cluding hypersensitivity and its two parameters cause simple, interpretable changes
in the modeled sickness response.

2.4.6. EXPERIMENT 1 & EXPERIMENT 2: KINEMATIC AND PHYSIO-
LOGICAL VARIABLES

GALVANIC SKIN RESPONSE

Motion sickness can cause an increase in both the tonic and phasic GSR, indicative
of the fight or flight response (Mackersie L and Calderon-moultrie, 2016). In motion
sickness experiments both components may also be a function of time, in addition
to sickness. To verify these effects, we use a mixed linear model of the form:

µStonic = α0 + α1MISC + α2t + uj + ϵt (2.1)

µSphasic = γ0 + γ1MISC + γ2t + vj + wt (2.2)

Where uj and vj denote the random intercept for participant j, α0 and γ0 are the
intercepts, t is time and α1/α2 and γ1/γ2 are coefficients. The variance inflation fac-
tor between MISC and time is found to be 1.46 which is smaller than the value of 4
taken as the point where collinearity starts to become a concern. After fitting the lin-
ear mixed model it was seen that the model residuals are not normally distributed,
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Fig. 2.7 Effect of varying the group averaged parameters on the average sickness response; Top shows the
effect of varying the slow path time constant β2. Bottom shows the effect of varying the gain K.

which reduces confidence in the statistics of the fit. Therefore the model was boot-
strapped using 4000 iterations of random-x resampling to derive the 2.5% and 97.5%
percentile confidence intervals for the parameters.

For the tonic GSR the effect of MISC is significant, with a mean coefficient 0.485
(CI between 0.379 and 0.586). This means, for an increase of MISC from 0 to 7, a
mean rise of the tonic GSR by 3.4 µS over the mean baseline of 8 µS, which is an
increase of 42.5%. The time coefficient is also significant with a mean value of 0.0006
µSs-1 (CI between 0.0002 and 0.0010). However, its effect is smaller, resulting in an
increase of the tonic GSR by 1.08 µS over the baseline of 8 µS (only 7%).

For the phasic GSR the effect of MISC is also significant. The mean coefficient is
1.69 µSs (CI between 1.28 and 2.1). This means for an increase of 11.83 µSs over the
baseline of 13.2 µSs, an increase of 90%. The time coefficient is not significant, as the
CI for γ2 (between -0.0019 and 0.0005) crosses zero.
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HEART RATE & HEART RATE VARIABILITY
For the analysis of HR and LF/HF ratio of HRV, we also follow the methodology
explained in Section 2.4.6. The variance inflation factor between MISC and time is
found to be 1.80, i.e., smaller than the value of 4 taken as the point where collinearity
starts to become a concern.

For HR, the effect of MISC is significant, with a mean coefficient of 0.466 (CI
between 0.247 and 0.673). This means that for an increase of MISC from 0 to 7, there
is a mean rise of HR by 3.3 bpm over the baseline of 87.4 bpm (only 3%). The time
coefficient is also significant with a mean of -0.0063 (CI between -0.0070 and -0.0055).
This means a reduction of 11.3 bpm (a drop of 12.9%) throughout the 30 minute
motion exposure. This drop in time due to relaxation of the participants masks the
slight increase due to increased sickness.

For the LF/HF ratio the effect of MISC is also found to be significant. The mean
coefficient is -0.0463 (CI between -0.0279 and -0.0647) which is a decrease of 18.52%
over the baseline of 1.75 going from MISC 0 to 7. This is contrary to what would be
expected based on the traditional view of LF/HF ratio where a decrease is indicative
of a more relaxed state. The time coefficient is also significant with a mean of 0.00003
(CI between 0.00036 and 0.00022), a 3.1% increase over baseline. The time effect and
the sickness effect are in opposite directions and so the net change in the LF/HF ratio
is small.

HEAD ROLL
Head motion is taken as indicative of postural stability, which may relate to the de-
velopment of motion sickness over time. Availability of visual cues may help in
maintaining head stability and so have an effect on sickness development. The me-
dian head roll rms ratio for internal and external vision responses, across 11 partici-
pants from Experiment 1 for who valid head roll data was available, were found to
be 2.05 and 1.60, respectively. However, this within-participant difference was not
significant (p = 0.101, Wilcoxon test).

With no significant difference between internal and external vision conditions,
for the remaining analysis, data from Experiments 1 and 2 are combined for all the
participants, leading to data from 33 participants in total.

Within the experiment the MISC level is correlated with time. However, the vari-
ance inflation factor between MISC and time is found to be 1.09, i.e., well below the
collinearity limit of 4.

For head roll there is a moderate effect of MISC, with a coefficient of 0.0212 (CI
between -0.011 and 0.052). However this is not significant. Over a 7-point MISC
scale this is a mean increase of head roll rms ratio of 0.15 over the mean head roll
rms at the intercept, giving a total head roll rms ratio of 1.85. For a peak lateral
vehicle acceleration of 4 ms-2, this means an increase of head roll amplitude from 9.6
deg to 10.45 deg, an increase of 8.9%. There is however a significant effect of time.
Here the mean coefficient is 0.000469 s-1 (CI between 0.000577 - 0.000365). Over the
course of a 30-minute experiment, starting at a baseline head roll of 9.6 deg, due to
the 4 ms-2 peak lateral vehicle acceleration, the mean increase in rms head roll is 14.4
deg, a 50% increase. From this analysis, it can be concluded that for our data the
effect of time on the loss of head stability is stronger than the effect of MISC.
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2.5. DISCUSSION
In this chapter we took to analyze motion sickness development in the time domain
in contrast to the more widely used time averaged/instanced metrics in the litera-
ture. The richness of information has therefore allowed for greater insights in to the
phenomenology of motion sickness.

2.5.1. INTERNAL-EXTERNAL VISION
Internal vision was more sickening with a higher mean MISC (4.2 vs 2.3) compared
to external vision, a higher MISC rate (0.59 vs 0.10) and more dropouts (66% vs 33%).
Due to the non-linear relationship between MISC and comfort, however, this differ-
ence is likely much greater on a subjective comfort scale (such as the fast motion
sickness scale Keshavarz and Hecht (2011)). Moreover, due to the mean MISC calcu-
lation, which capped those participants who had to prematurely end the experiment
at a MISC of 7, the true difference is likely larger than found in this study. These
findings concur with Griffin and Newman (2004a), who found a similarly large dif-
ference in sickness rating between internal and external vision in natural driving
conditions. The effects of visual condition can be due to both an increase in sen-
sory conflict, caused by the removal of external world view, but also the removal of
anticipatory information regarding the vehicle trajectory.

The vehicle rotation with respect to earth in both roll and pitch was found to
be negligible. Therefore, internal vision provides virtually identical visual cues for
orientation with respect to gravity as external vision. The main difference between
the information provided by internal and external vision lies in the visual transla-
tional and yaw information received. However, Bos et al. (2008b) found in simple
motion experiments that the absence of translational or yaw visual information does
not impact sickness.

On the other hand, several studies show that the presence of anticipatory cues
leads to a substantial reduction of motion sickness. Feenstra et al. (2011) found the
mean MISC at the end of motion reduced from 2 to 0.5 when anticipatory informa-
tion was added to a turbulent flight simulation. Likewise, Kuiper and Bos (2019)
found a higher end of motion mean MISC of 3.6 compared to 2.3 when comparing
unpredictable motion cues over predictable motion cues in a vestibular only sled ex-
periment. Lastly, Karjanto et al. (2018) observed a major reduction from 10.4 to 1.4
on the motion sickness assessment questionnaire (MSAQ) when anticipatory infor-
mation was provided to passengers undertaking left and right turns in the absence
of external vision, compared to when such cues were not provided. Therefore, even
though a number of studies agree on the alleviating effect of anticipatory cues on
motion sickness, they do not arrive at the same effect size. The large effect sizes
found by Karjanto et al. (2018) or Feenstra et al. (2011) may be due to differences
in experimental stimuli or the scale used to measure motion sickness. Some scales
such as MSAQ may have larger sensitivity within lower sickness levels than other
scales such as the MISC. Therefore, an important consideration is the intensity of
the sickening stimuli where Kuiper and Bos (2019) obtained MISC ratings between 2
and 3.5 whereas Feenstra et al. (2011) obtained MISC ratings between 0.5 and 2. The
inhibitory effects of mechanisms such as anticipation may not scale proportionally
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with motion sickness severity or the magnitude of the sickening stimuli.
The mean MISC level is widely used and is useful in showing clear group re-

sponses, but it masks important individual dynamics. Some participants have a
convergent MISC response, where the final MISC level seems to exponentially reach
a terminal value, where others have a divergent, exponential response (Figure 2.4d).
The response dynamics may even be a function of the visual condition, where for
instance, Participant 16 has no response for external vision, but an exponential re-
sponse for internal vision. Likewise, Participant 6 has an exponential response for
internal and a convergent response for external. As previously mentioned, current
models of motion sickness do not account for this complexity. Instead, they aim to
predict the development of sickness at a population level. For instance, Bos and Bles
(1998) predict the motion sickness incidence (MSI), defined as the percentage of the
population that has vomited. However, we argue that as models of motion sickness
are based on hypothesized neurological mechanisms, their predictions must be in-
dividual specific and related to the physiological symptoms individuals experience.

2.5.2. REPEATABILITY AND OMAN’S MODEL
It is often not feasible to build human models that are capable of individual fore-
casts. This is due to the number of internal and external factors that may yield to
large response variability. Therefore, statistical models based on group metrics are
commonly favoured over dynamical system models. However, our results com-
paring repeated exposures over consecutive sessions show that the time response
of motion sickness is largely repeatable. Knowing the response of a participant in
the previous sessions allows for the prediction in the next session with a SMAPE of
23.2% for all four stages of the response combined during M1, R1, M2 and R2. If in-
stead, a group average model is used, the average error fitting individual responses
is 46.6% which is a factor of 2 greater than the error of the individual based models.
This means motion sickness can be modeled on an individual level, where the more
historic data available for that individual, the more reliable the model is.

For this repeatability analysis we used an adapted version of the model of nausea
developed by Oman (1990a). We performed the first extensive validation of Oman’s
model to predict the time course of motion sickness on the MISC scale, including
hypersensitivity and rest phases of the exposure. We note that for hypersensitiv-
ity the sickness rises consistently faster than during the first motion exposure. We
estimate the time constant for hypersensitivity, β2, to be 7.35 minutes. This is simi-
lar to the value of 10 minutes reported by Oman (1990a). Golding and Stottt (1997)
also measured an “objective” recovery time constant by measuring the loss in toler-
able number of head movements during motion re-challenge. They found a decay
time constant of 15 minutes. They report that, the decay in sensitivity is not mono-
tonic and that there was a rise 2 hours after stimulation. This rise is not predicted
by Oman’s model. Indeed the presence of complex slow dynamics matches with
our own informal observations. One participant in Experiment 1 withdrew from
the study due to sickness persisting after many hours. Likewise two participants in
Experiment 2 reported resurgence of nausea in the following hours after the exper-
iment. These were self-reports made by the participants and without the request of
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the experimenter, so the real number of those effected by the after motion dynamics,
which seem to last in the order of hours to even days may be higher. This is therefore
an important topic of future study.

We found that the fast path time constant was a factor 7 smaller than the slow
path time constant. Reducing the value of the slow path time constant therefore
caused both a reduction in the time to convergence of the sickness response and
a reduction in the damping of the system (due to coupling with the fast path time
constant). As can be seen from the negative placement of the system poles, the Oman
model is stable and convergent. However, this does not stop it from providing good
fits to divergent responses up to termination of the experiment. It is important to
note that the gain of the fast path is a multiple of the input conflict, the subsequent
amplitude of the sickness response is therefore a quadratic function of the conflict
signal. This has important implications for mixed acceleration environments, such
as traffic, where there may be an under or over estimation of the effect of certain
acceleration on the sickness response. Therefore, the relationship between stimulus
intensity and individual sickness response dynamics should be investigated further.
It may indeed be that there is a bifurcation in the nature of responses depending on
the strength of the sensory conflict, which may also relate to the fact that some of our
participants showed divergent responses for internal and convergent responses for
external vision.

In the current study, we have observed that low time and sickness resolution
impedes accurate model identification. That is, given the sparsity of data, multi-
ple model fits may provide equivalent solutions. This was resolved by simplifying
the model (β2 = 7β1 & β3 = 1). This may compromise model validity in other con-
ditions. For instance, the thresholding included in the original Oman’s model (ex-
cluded in this study) is indicative of the "functional vestibular reserve" (Graybiel,
1969). This may be of particular importance when considering habituation or when
modeling the effect of low amplitude motions that generate sub-threshold sensory
conflicts. Future studies should keep the specificity of the current simplified model
in mind.

To enhance the resolution in recording motion sickness, verbalized subjective
ratings may be collected with a greater sampling frequency. Following an approach
similar to (Cleij et al., 2019), sickness ratings may be acquired in a continuous manner
via the use of a dial. This approach may increase rating variability, but combined
with verbalized ratings as an anchor, this can result in a valuable high-resolution
data set for sickness model identification.

2.5.3. KINEMATIC AND PHYSIOLOGICAL VARIABLES
For the analysis of the physiological measurements the present study employed a
methodology whereby the sample population was not arbitrarily segmented in sick
and not-sick groups, as has often been done in the past. Motion sickness occupies
a spectrum of severity and clear cut-offs may introduce undesired effects. Linear
mixed models with random intercepts were used instead to separate trends in time
from effects of motion sickness and to quantify these contributions to MISC.

For the tonic GSR there is a significant increase with both time and sickness. This
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is very much expected and likely due to increasing sweating due to the stabilizing
action of the muscles when subject to the 0.4 g lateral accelerations. For the phasic
GSR there is a significant increase with respect to sickness, but not with time. This is
also expected, as the phasic component is more indicative of sympathetic activation
Benedek and Kaernbach (2010a). There is a larger effect of sickness on the phasic
component, i.e., 90% of the baseline, whereas the increase of the tonic GSR is 42.5%
of the baseline.

For the heart rate and the LF/HF ratio the results are found to be more mixed.
MISC seems to elevate the heart rate, but this effect is small compared to the general
decrease in heart rate due to relaxation from the high state of arousal at the start of
the experiment. Thus, the strength of the link between heart rate and motion sick-
ness level likely depends on the nature of the experimental stimulus. Under the ex-
treme scenario tested here, time effects are likely to be larger than in most laboratory
experiments. In the present study we observed a small but significant decrease of the
LF/HF ratio, which constituted 18.52% of the baseline LF/HF ratio. This measure is
traditionally taken as an indicator of sympatho-vagal balance, whereby an increase
in the ratio is indicative of increased sympathetic activity. As motion sickness acti-
vates the sympathetic nervous system, an increased LF/HF ratio is expected. This
activation is evident in the GSR responses. Recently, however, it has come to at-
tention that LF/HF ratio is not a simple linear measure of sympatho-vagal balance,
but is instead a much more complex and non-linear metric. For instance, it is now
known that LF power of heart rate variability is also modulated by the parasym-
pathetic nervous system, and vice versa for the HF power of heart rate variability
Billman (2013). Therefore, LF/HF ratio is a complex measure of sympathetic and
parasympathetic activity which on its own, as seen in our results, is not likely to be
an effective indicator of motion sickness.

In our experiment we found head roll to increase with exposure to sickening mo-
tions. Our regression model showed this to relate significantly only to exposure time
. Exposure time relates to fatigue and/or the willingness to go with the motions,
rather than opposing them. The nonsignificant relation with sickness does not sup-
port the postural instability theory of motion sickness (Stoffregen and Smart, 1998).
However, this may owe to the noisy nature of the experimental data which was col-
lected from sitting participants subject to high accelerations, as well as the filtering
process required to obtain the results. Regardless of the outcome, we could have
made no statements on whether postural instability preceded sickness, or rather re-
sults from sickness. The latter seems more probable in terms of decreased control
due to sensory conflict Bos (2011). There is evidence that roll/pitch of the head when
combined with linear translational accelerations interact in a non-linear manner to
increase sickness to levels higher than would be possible if they were experienced
in isolation Wertheim et al. (1998). On the other hand, Golding et al. (2003) observed
that the effect of head roll on sickness depended on whether it was active or pas-
sive. Here, it was found that active alignment of the head with the direction of the
gravito-inertial acceleration would protect against motion sickness whereas active
movements against would increase symptoms of motion sickness. For passive mo-
tions (created by actuation of the passenger seat), on the other hand, the opposite
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was the case. The rotations experienced in the current study cannot be characterized
as active or passive. Therefore, whether head roll acts as positive feedback mecha-
nism to increase sickness levels can not be stated.

Of all considered metrics, the phasic GSR correlates most strongly with MISC,
increasing 90% above its baseline value at MISC 7. However, the increase only be-
comes noticeable when averaging over the entire population and after prolonged
exposure. It remains to be proven how well this measure can be used as individual
(real time) classifier of motion sickness, to complement or even replace subjective
assessments such as the MISC.

2.5.4. IMPLICATIONS
We confirm that having external vision strongly reduces motion sickness so vehicle
manufacturers and also passengers should design and act to maximise world refer-
enced visual information. This can include novel technologies that might increase
anticipatory cues, some of which were discussed in section 4.1.

Knowing the dynamics and parameters of hypersensitivity may enable route
planning that accounts for motion sickness. For instance, sections of road that pro-
vide large sickening stimulus i.e. traffic or mountain road may be scheduled such as
to provide adequate reduction in sensitivity in between exposures.

More importantly, by showing that motion sickness is regular and repeatable
within individual participants we now have a greater basis for using system-theoretical,
model-based approaches for understanding motion sickness.

Lastly, validating the Oman model as an approximate model for sickness dynam-
ics, opens the door for developing robust platform controllers that may allow for the
control of sickness levels in individual participants to a desired reference level.

2.6. CONCLUSION
From experiments where we measure the development of motion sickness during
a highly sickening drive, we find a significant increase in mean MISC, from 2.3 (at
the end of exposure) in the external vision condition to 4.2 in the internal vision
condition. We believe this is largely due to a reduction of anticipatory cues, rather
than removal of visual translational and yaw rotation cues.

We show that individuals exhibit a wide variation in the dynamics of sickness
development over time, whose key individual characteristics are masked by group
averaged metrics, as often used in previous publications. We for the first time at-
tempt to fit Oman’s model of nausea to time-domain data of individual participants.
We see that these fits are able to accurately model the full course of individual’s sick-
ness development for our experimental data, including the rest and hypersensitivity
phases.

Using this model we show that motion sickness is a repeatable phenomenon with
individual motion sickness responses showing a high degree of repeatability over
consecutive sessions. GSR responses show significant effects of exposure time and
of sickness level. These effects are highly significant at the group level with exposure
for up to 30 minutes or until a MISC of 7 is reached, but show substantial scatter.
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Due to this natural spread, such objective measures are unlikely to replace subjective
sickness measures (e.g., MISC) for real time motion sickness classification.
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3. AMPLITUDE AND TEMPORAL DYNAMICS OF MOTION SICKNESS

3.1. ABSTRACT
The relationship between the amplitude of motion and the accumulation of motion sickness
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 sessions,
separated by at least one week to prevent habituation. Motion amplitude was varied between
sessions at either 1, 1.5, 2 or 2.5 ms-2. Time evolution was evaluated within sessions apply-
ing: 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 lin-
early 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 sig-
nificantly 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.

3.2. 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 motions may, in a wide range of species (Wang and Chinn,
1956; Hickman et al., 2008; Wassersug et al., 1993; Bauerle et al., 2004), 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 Con-
flict" (Reason, 1978; Oman, 1982) theory and the "Postural Instability" theory (Riccio
and Stoffregen, 1991). The most developed mathematical models and tools exist for
the sensory conflict theory (Wada, 2021; Bos and Bles, 1998; Khalid et al., 2011a).
Therefore, this paper will study motion sickness through the concepts of state esti-
mation and sensory conflict, and will not cover the postural instability theory nor
attempt to evaluate postural precursors to motion sickness.

The sensory conflict theory (Reason, 1978) 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 dy-
namics. 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
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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 inter-
nal models for state estimation (Merfeld et al., 1999; Angelaki et al., 2004; Laurens
et al., 2013; Oman and Cullen, 2014). To quantify estimation accuracy, the central
state estimates are passed through an internal model of sensory dynamics and com-
pared 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 con-
flict 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 rela-
tionship between the magnitude of sensory conflict and motion sickness accumula-
tion. Firstly, such knowledge allows us to better generalise motion sickness predic-
tions to mixed acceleration environments that are ubiquitous to vehicular transport
(Feng et al., 2017). Such predictions 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 tra-
jectory. Currently, in experimental studies, researchers must fix their stimulus be-
forehand and hope that participants do become sick, but do not terminate the ex-
periment prematurely. Active control will allow for setting the desired level and
variance of motion sickness, which will increase the statistical quality of data col-
lected. Lastly, a predictive model of sickness accumulation will allow for tuning of
automated vehicle 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 accel-
erations, the conflict vector is assumed to be proportional to the acceleration stimu-
lus itself. There is literature on the relationship between the acceleration magnitude
(a proxy for the magnitude of the conflict) and group-level responses to sickness.
Lawther and Griffin (1988), for instance, show a linear relationship between the am-
plitude 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 ms-2, which covers a
small linearisable part of the complete, possibly nonlinear sickness amplitude dy-
namics. Indeed, looking at the data of O’Hanlon and McCauley (1973), in the range
of 0.25-3.9 ms-2 there seems to be a sigmoidal relationship between acceleration am-
plitude 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 (1973).

The approach of combining sensory conflict and accumulation models is unique
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because it clearly discriminates between conflict generation, which is a by-product
of spatial orientation and state estimation, and conflict integration, which leads to
motion sickness. There are two shortcomings in this approach. Firstly, at the prac-
tical level, the motion sickness prediction is made using motion sickness incidence
(MSI), defined as the percentage of people that have vomited. This misses the finer
increments in symptom development that precedes vomiting, which are more rel-
evant 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 mo-
tion 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 de-
veloped by Oman (1990a). This model is also uniquely able to describe the phe-
nomenon of ‘hypersensitivity’, which is an essential part of sickness development
over time. Hypersensitivity is characterised by the fact that after exposure to sick-
ening motions, any further exposure to sickening motions leads to a more rapid rise
in sickness than in the initial exposure (Golding and Stottt, 1997). Modelling hyper-
sensitivity 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 ms-2,
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 trajec-
tory 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 acceler-
ation stimuli. The original form of Oman (1990a)’s model predicts the end level of
sickness to be a quartic of the input acceleration amplitude. This is because of the
model’s ‘slow’ path acting as a gain on its ‘fast’ path and the output power scaling,
po shown in Figure 3.2, being set to 2. It is, however, not clear whether this proposed
amplitude relationship is correct. Nor is it clear whether the Oman model can gener-
alise 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 acceleration stimulus amplitude as a proxy, and the temporal dynamics of
motion sickness symptoms at the individual-level. We did this by exposing 17 par-
ticipants to sinusoidal fore-aft motions of four different acceleration amplitudes. The
experiment was performed in the SIMONA Research Simulator at the Aerospace En-
gineering faculty of TU Delft (Stroosma et al., 2003; Berkouwer et al., 2005). In the
subsequent analyses, we first confirm previous literature findings for the relation-
ship 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
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independent of motion amplitude, but using the same group-level averaged power
law scaling at the output for all individuals. Moreover, we show that the Oman
model in its current form can forecast the future evolution of motion sickness, but
the accuracy of the forecasting is dependent on the qualitative form of individuals’
sickness dynamics. This has important consequences for prescreening of partici-
pants for motion sickness experiments, and tuning of automated driving algorithms
to individual passengers.

3.3. METHODS
3.3.1. ETHICS STATEMENT
All participants provided written informed consent prior to participation. The ex-
perimental protocol was approved by the Human Research Ethics Committee of TU
Delft under application number 1425.

3.3.2. 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
questionnaire short form (MSSQ-Short, Golding (2006)) score of 16.2 (STD = 10.1)
indicating that they had above average susceptibility, corresponding to the 65th per-
centile.

3.3.3. APPARATUS
The experiment was performed in the SIMONA Research Simulator at TU Delft (Fig-
ure 3.1). The simulator has a six degree-of-freedom hydraulic hexapod motion sys-
tem, which can provide a maximum displacement of 1.12 m, a maximum velocity of
0.9 ms-1 and a maximum acceleration of 13 ms-2 (Stroosma et al., 2003; Berkouwer
et al., 2005). The participants 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
3.1). Continuous communication with the experimenter was possible via an inter-
com system.

3.3.4. 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, partic-
ipants 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 ms-2. The choice of the
highest acceleration was constrained by the maximum possible simulator velocity
of 0.9 ms-1. The choice of the frequency was based on the highest frequency ob-
served for which the population incidence of sickness does not decrease (Golding
and Markey, 1996; Golding and Stottt, 1997; Irmak et al., 2020).

In each session, participants underwent two motion exposures. The first expo-
sure lasted for 60 minutes, or until the participant reached a MISC of 6. They were
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(a) (b)

Fig. 3.1 Experimental setup. (a) is the SIMONA Research Simulator used in the experiment to elicit mo-
tion 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

then permitted 10 minutes rest, after which the second exposure lasted for 30 min-
utes, or until they reached a MISC of 6. After this, 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 (Miller and Graybiel,
1969; Irmak et al., 2020). The order in which each amplitude was experienced was
balanced between participants using a Latin square. This prevented confounding
effects of habituation between the different amplitudes.

3.3.5. QUANTIFYING SICKNESS
Participants were instructed to report their sickness on the 11-point MISC scale (Bos
et al., 2010). The MISC scale is anchored to specific motion sickness symptoms: 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 ultimate aim of minimising of sickness predictions with re-
spect 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 re-
sponse. However, recently de Winkel et al. (2022) have demonstrated that this ob-
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served break from monotonicity was semantic in nature. The discomfort associated
with each level of the MISC, as it was used to express motion sickness during ex-
posure 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
together, 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 participants to verbally state their MISC level. In addition to this prompted re-
sponse, participants were told that they could voluntarily give a MISC report when-
ever they thought it changed substantially 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 partici-
pant 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.

3.3.6. SICKNESS MODEL
The sickness accumulation model in this study is the Oman (1990a) model shown in
Figure 3.2. Here, the input to the model is the magnitude of the rectified sensory-
expectancy conflict. 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 ac-
celerations 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 β1. The slow path is given by a repeated root second-order
system with a time constant β2. The slow path controls the gain on the fast path.
The existence of the two paths, rather than one standard path as in the subjective
vertical model (SVM), enables Oman (1990a)’s model to describe the phenomenon
of hypersensitivity.

The original form of the Oman model has an output scaling (upo ), where the sum
of the fast and slow paths are raised to the power of 2 (po = 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 con-
flict 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
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Fig. 3.2 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 upi

and upo , respectively

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 MISCss. For a step input
of amplitude A, the effect of output scaling on the model output, is given by the
equation

MISCss = (KA2 + A)po (3.1)

where K is the gain of the fast path and po 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 β1, β2, the gain K and the output
power scaling exponent po.

The error metric used for the optimisation was the mean absolute error (MAE),
which is given by the equation:

MAE =
Σn

t=1|Ft − At|
n

(3.2)

For each iteration of the optimisation an error is calculated using the predicted
MISC ratings Ft and the measured At 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:
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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 β1, β2 and the gain K were fitted for each individual session,
and thus stimulus amplitude. The power was assumed to be unity, i.e., po = 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 generalis-
able amplitude relationship from which one can make predictions across ac-
celeration levels. For this reason, the sickness to amplitude relationship is as-
sumed to be an idiosyncratic property of the individual, and so another model
was fitted where the power law term was allowed to vary between partic-
ipants. The fits were done jointly for all conditions for a given individual,
meaning that both the time constants (β1 and β2), the gain (K) and the power
law (po) terms did not vary within an individual between the different con-
ditions, 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
po term that was fixed between participants. The fits were done jointly for all
conditions for a given individual, meaning that both the time constants (β1 and
β2) and the gain (K) did not vary within an individual between the conditions.
The optimisation was done using fmincon with 10 multi-starts.

3.3.7. STATISTICAL ANALYSIS
AICC
Models with more free parameters generally give better fits to experimental data. To
assess the significance of such additional model parameters, we used the corrected
Akaike Information Criterion (AICc). 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 parameters. 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 AICc 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 AICc value.

FRIEDMAN TEST
As our metrics do not satisfy the assumptions required for parametric testing, the
Friedman test was used for statistical comparisons between different amplitude con-
ditions. The Friedman test is a non-parametric test analogous to the parametric
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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 indica-
tion of a statistically significant result.

LOGRANK TEST

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

3.4. RESULTS
3.4.1. GROUP-LEVEL OBSERVATIONS
The experiment proved to be very sickening. Figure 4.1 shows the group-level re-
sults for all 17 participants over the first 60-minute motion exposure. The dropout
rate for all four conditions is shown in Figure 3.3a and was high, whereby the three
highest amplitudes – 2.5, 2.0, and 1.5 ms-2 – had similar dropout rates after 60 min-
utes 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 ms-2,
1.5 and 2 ms-2, and 2 and 2.5 ms-2, a significant increase in drop-out was found be-
tween the survival curves of 1 and 1.5 ms-2 (Bonferroni corrected p = 0.0047), 1.5
and 2 ms-2 (p = 0.0107), but not between 2 and 2.5 ms-2 (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 3.3b 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 in Appendix A). This monotonicity is further sup-
ported 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).

Figure 3.4 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 3.4 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.

3.4.2. OMAN MODEL
As motivated in Section 3.3.6, 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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Fig. 3.3 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 solid black line inside blue shaded box) the mean MISC Rate (black
circle) and the 25th and 75th percentiles (bounds of the box)

SESSION FIT, UNIT POWER

For the Session Fit, Unit Power case, the Oman model is fitted to all amplitude con-
ditions individually for each participant, as also done in Irmak et al. (2020). Figure
3.5 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, (χ2 = 9.15, d f = 3, p = 0.027) across motion amplitude conditions, meaning
there is a significant difference between model fitting accuracy across the different
amplitude conditions. A post-hoc test, however, shows no significant difference be-
tween any set of individual amplitude conditions. On average, Ejoint is 0.94 (STD =
0.29).

Figure 3.5 shows a significant downward trend in the gain of the model with
increasing amplitude (χ2 = 12.8, d f = 3, p = 0.005). There were no significant dif-
ferences in either the fast nor the slow path time constants across the amplitude
conditions (χ2 = 4.05, d f = 3, p = 0.26 and χ2 = 1.43, d f = 3, p = 0.7, respectively).
On average, β1 and β2 had median 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 accel-
eration amplitude invariant and can thus be considered a constant property of each
individual.
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Fig. 3.4 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. The darker shades correspond
to increasing MISC levels.
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Fig. 3.5 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 and the sides of the box indicating the quartiles

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 am-
plitude dependent gains) that will predict across all amplitudes, the model requires
an output power-law scaling. In the Joint Fit, Individual-level Power model variation,
the dynamics of sickness with respect to input amplitude are given by allowing this
output power scaling po, 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 Ejoint 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 4.8), 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 3.6 shows the variation in the joint error term Ejoint as a function of the
output power scaling, which was fixed for the whole population. It can be seen that
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the error term is minimised to 1.028 (STD = 0.23) when the output power scaling po
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 (β1 and β2),
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 be-
tween 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 differ-
ent classes of responses, hormonal and neural (Oman, 1982). These are likely to be
independent and uncorrelated processes.
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Fig. 3.6 The error term Ejoint with respect to the output power scaling, which is taken to be constant
between participants. The lowest Ejoint occurs when power is equal to 0.4.

By setting po = 0.4 in equation 5.1, the relationship between the conflict magni-
tude and the predicted sickness output of the model is given by:

MISCss = (KA2 + A)0.4 (3.3)

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 approxi-
mately linear relationship to input motion amplitude MISCss ≈ K0.4 A0.8

FITTING COMPARISON
The three variations of the model evaluated each have a joint error Ejoint for each par-
ticipant. These model errors (shown in Table 3.1) can be compared using the Fried-
man 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
(χ2 = 6.14, d f = 3, p = 0.046) but this difference was marginal and indeed pairwise
testing revealed no significant differences.
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Figure 4.8 shows a representative sample of fittings for the three model variations
for participants 11, 12, 13 and 14 (for the data of all participants, see Figure S2 in the
Supplementary Material). 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 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.
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Fig. 3.7 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
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Table 3.1 Summary of fitting results, with the error averaged over participants Ejoint, the standard devia-
tion over participants in the MAE, and the number of parameters for each model variation

Model Variation Average Ejoint 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

3.4.3. 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 3.8 shows a Box plot of the mean absolute prediction errors for the pro-
cedure described above. Both models with an individual-level and a group-level
power term variations show decreasing prediction errors with the number of condi-
tions fitted. The group-level power model with po = 0.4 has overall a lower predic-
tion error than the individual-level power model (Friedman test, χ2 = 12.3, p 0.001,
d f = 1), particularly for when fitting to data from only 1 amplitude condition.

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.

3.4.4. SICKNESS FORECASTING
One of the properties of an effective predictive model is its ability to forecast fu-
ture development of the modeled system’s states. In this section, we evaluate this
forecasting ability of the Oman model.

Figure 3.9 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 the Supplementary Mate-
rial). 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 3.4.2 and 3.4.3, a MISC of 6 was
taken as the end point of the experiment data used for fitting. In Figure 3.9 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 be-
fore in section 3.3.6, converges in a stable manner to a final sickness level that may
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Fig. 3.8 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.

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 3.9 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 extrap-
olation from lower MISC levels in to the future for some participants suffers from
premature convergence (e.g., participant 11 in Figure 3.9), where the model captures
an initial seeming convergence of the MISC data to a final rating. This effect is ex-
plained 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 3.9. This can be shown statistically, by
fitting a model of the form

MISC = atb (3.4)

as proposed in Irmak et al. (2020), where t is time since the start of exposure and
a, b are model coefficients. The responses that can be described by b ≥ 1 have a
diverging sickness 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
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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 es-
timates a very large steady-state value, meaning that the initial rising part of the
response is able to approximate the divergent cases quite well. However, when fore-
casting from lower MISC levels, using a shorter observation window, it is seen that
forecasting performance for divergent cases is significantly worse than forecasting
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 forecast region (AICc = 149.0 and 136.9, respectively). With a difference between
AICc values 10 Fabozzi et al. (2014), it can be seen that the linear model is signifi-
cantly better, meaning that the forecasting 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.

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 conver-
gent. 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 towards 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 con-
ditions (χ2 = 1.2, d f = 3, p = 0.75). This indicates that the divergent/convergent
dynamics is not modulated by differences in the motion amplitude in the range ex-
plored in this study.

In our study, the MSSQ was correlated marginally significantly with overall sick-
ness susceptibility (ρ = 0.50 p = 0.05). The overall sickness susceptibility was quan-
tified by averaging the MISC rates during the first motion exposure of an individ-
ual for all amplitude conditions. 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
ms-2 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. Do-
ing this on the data from the experiment, there is a very strong correlation between
the Oman model estimation of susceptibility and the overall sickness susceptibil-
ity as computed from the average MISC rate for a participant (ρ = 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 simu-
lator time. Indeed, the correlation between the Oman model forecasting and overall
susceptibility is not significant ρ = 0.15 (p = 0.58) when data to only MISC of 2 is
considered.
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Fig. 3.9 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.

3.5. DISCUSSION

This study investigated the amplitude and temporal dynamics of motion sickness
at both the group and the individual levels. Participants underwent fore-aft sicken-
ing motions at four different acceleration amplitudes. Motion sickness development
over time was reported 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.
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3.5.1. GROUP-LEVEL OBSERVATIONS
For the group-level response to increasing acceleration amplitudes, we found a signif-
icant increase in sickness severity with increasing acceleration amplitude, and hence sen-
sory conflict magnitude, on the development of motion sickness. As seen in Figure
4.1, 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 (AICc = -1.92 vs. AICc = 29.4).

Previous studies by Griffin and Mills (2002); O’Hanlon and McCauley (1973);
Alexander and Wendt (1947) also reported a monotonic increase in sickness with
respect to acceleration amplitude. In the study of Griffin and Mills (2002) only low-
amplitude motions in the range of 0.4-1.56 ms-2 were used, and only the last two
conditions were significantly higher in sickness severity from the baseline case of no
motion. Therefore, a functional relationship between motion amplitude and sick-
ness could not be formulated. The studies by O’Hanlon and McCauley (1973) and
Alexander and Wendt (1947) assessed vomiting incidence at the end of their experi-
ments (MSI) and found a log-normal relationship between MSI and acceleration am-
plitude. However, it would be incorrect to say sickness itself exhibits log-normal be-
haviour 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 ms-2

are not significantly different, whereas MISC rate indicates a linear, rather than a
log-normal, relationship 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 ms-2, i.e., to lower amplitudes than tested in our experiment.
At the lowest acceleration magnitudes, i.e., below 0.1 ms-2, experienced sickness did
not differ from the stationary case. This apparent ‘sickness threshold’ is equivalent to
reported translational acceleration perception thresholds (Gianna et al., 1996; Heer-
spink et al., 2005). As remarked previously, acceleration is often used as a proxy for
sensory conflict for experiments lacking visual stimuli, and in our current experi-
ment 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 sensory conflicts,
which may be translated to an equivalent acceleration, indicating that the monotonic
amplitude relationship likely holds at even higher accelerations than 2.5 ms-2. Ap-
proximately 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 vehicles.

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
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atb to all MISC responses; the resulting average value for b is 1.085 (25–75th per-
centiles: 1.043–1.448). This means that the MISC is approximately linear with re-
spect 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, depend-
ing on the accelerations encountered. Using traditional ways of parametrising the
sickness response will make both within- and between-participant comparison diffi-
cult, requiring, in the least, many sessions to average across a representative sample
of acceleration exposures. With a model-based approach, the parameters of the fit-
ted model will be invariant with respect to the motions encountered and easier to
compare.

3.5.2. INDIVIDUAL-LEVEL MODELLING
In this study, we showed that motion sickness development over time could be accu-
rately 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 in-
dependent, with median time constants of 66.2 s and 502.4 s for the model’s ‘fast’ and
‘slow’ time constants, respectively. One concern of automotive engineers in utilising
the findings of motion sickness studies could be the fact that usually the motions
encountered in these studies are aggressive, with the intent of quickly making par-
ticipants 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 ms-2) and gentle motions (1 ms-2). The fact that
no difference in the time constants was found implies that the temporal dynamics
of motion sickness are amplitude-independent, with only varying scaling factors af-
fecting 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. How-
ever, we also investigated the use of input scaling, see Figure 3.2. 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 latent sickness. The output
power scaling transforms this latent sickness in to a subjective magnitude estimate,
via an exponential 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 conflicts are saturated. We approximate this through an in-
put power law. We found that the output power law provided a much better fit to
our data, with a mean joint error (Ejoint) of 1.03 compared to 1.4 for the input scaling.
As Figure 3.6 shows that with output scaling for all powers up to 0.8 the joint fitting
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Fig. 3.10 Example showing the effect of input (blue line) and output (orange line) power scaling on the
predictions of the Oman model for constant amplitude input

error is below this optimum result for input scaling, we conclude that output scaling
on the modelled latent sickness metric is superior for our experiment data.

While both with input and with output scaling Oman’s model can model conver-
gence to an identical final steady-state sickness level (with adapted gain and power
law exponent), see Figure 3.10, this will always result in differences in the temporal
dynamics. In these example 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 accumulate more slowly when the
input signal strength is reduced by an input scaling, than when it is not. The rea-
son 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 3.6, an output scaling of 0.4 provided the best fit to our
dataset. The power of 0.4 approximately linearises the conflict to sickness relation-
ship, where for large values of K, equation 5.5 reduces to MISCss ≈ K0.4 A0.8. Like-
wise, 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 irrespec-
tive 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 rat-
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ing scale used. Finding the system gain for the different rating 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 (MISC3).
The development of sickness over time in the first motion exposure could be pre-
dicted 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 5.6). The participants 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 accuracy
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
sickness is that it is always stably convergent. That is, there is a steady-state sickness
value MISCss that it will converge to as time tends to infinity. This means that if
the participant 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 con-
tinue to become more sick, especially if they have reached moderate sickness rela-
tively quickly. A striking example of this issue is shown in Figure 3.9 for the first
participant. Here, the observations indicate convergent 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 3.9) 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 termination 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 (Graybiel, 1969; Bock and Oman, 1982). To ac-
count for both the stable and unstable 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 sick-
ness 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 ex-
ercise, 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 sus-
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ceptibility of an individual. Such a paradigm can be used as a screening method
for ensuring participants of similar sickness susceptibilities are enrolled in to mo-
tion sickness studies. This would for instance increase the power of studies com-
paring 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) Accumulation models predicting motion sickness development in time. One ex-
ample 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 by Oman (1982). Conflict models are needed to capture
sensitivity towards complex motion stimuli, 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 hypersensitivity.

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 acceleration that is attributed to the subjective vertical) is de-
pendent 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 tech-
niques (Qian et al., 2016; Rojas et al., 2007).

3.5.3. 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 ms-2. 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 rep-
resentative of real vehicular transportation, would further help to strengthen motion
sickness model validation.
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In the present study, the model successfully described hypersensitivity after a
10-minute break. In a previous study by Irmak et al. (2020) the break duration was
until the participant reached a MISC of 2, which only very rarely exceeded 10 min-
utes. 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 jour-
neys, 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 mo-
tions 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 spec-
trum, this may cause currently unknown interactions in the conflict signal due to
differing frequency sensitivities (Irmak et al., 2021a). 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.

3.6. 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 sickness severity increases linearly with acceleration amplitude between 1-2.5
ms-2 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 progres-
sion, 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 govern-
ing motion sickness development vary between individuals, 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 inherently 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 temporal evolu-
tion of sickness beyond a brief observed initial exposure. In this we found that fore-
casting 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 sick-
ness experiments, as well as tuning of automated driving algorithms for individual
passengers.
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4.1. ABSTRACT
Previous literature suggests a relationship between individual characteristics of motion per-
ception and the peak frequency of motion sickness sensitivity. Here, we used well-established
paradigms to relate motion perception and motion sickness on an individual level.

We recruited 23 participants to complete a two-part experiment. In the first part, we deter-
mined individual velocity storage time constants from perceived rotation in response to Earth
Vertical Axis Rotation (EVAR) and subjective vertical time constants from perceived tilt in
response to centrifugation. The cross-over frequency for resolution of the gravito-inertial
ambiguity was derived from our data using the Multi Sensory Observer Model (MSOM).
In the second part of the experiment, we determined individual motion sickness frequency
responses. Participants were exposed to 30-minute sinusoidal fore-aft motions at frequencies
of 0.15, 0.2, 0.3, 0.4 and 0.5 Hz, with a peak amplitude of 2 m/s2 in five separate sessions, ap-
proximately one week apart. Sickness responses were recorded using both the MIsery SCale
(MISC) with 30 s intervals, and the Motion Sickness Assessment Questionnaire (MSAQ)
at the end of the motion exposure.

The average velocity storage and subjective vertical time constants were 17.2 s (STD = 6.8
s) and 9.2 s (STD = 7.17 s). The average cross-over frequency was 0.21 Hz (STD = 0.10
Hz). At the group level, there was no significant effect of frequency on motion sickness.
However, considerable individual variability was observed in frequency sensitivities, with
some participants being particularly sensitive to the lowest frequencies, whereas others were
most sensitive to intermediate or higher frequencies. The frequency of peak sensitivity did not
correlate with the velocity storage time constant (r = 0.32, p = 0.26) or the subjective vertical
time constant (r = -0.37, p = 0.29). Our prediction of a significant correlation between cross-
over frequency and frequency sensitivity was not confirmed (r = 0.26, p = 0.44). However,
we did observe a strong positive correlation between the subjective vertical time constant and
general motion sickness sensitivity (r = 0.74, p = 0.0006).

We conclude that frequency sensitivity is best considered a property unique to the individ-
ual. This has important consequences for existing models of motion sickness, which were
fitted to group averaged sensitivities. The correlation between the subjective vertical time
constant and motion sickness sensitivity supports the importance of verticality perception
during exposure to translational sickness stimuli.

4.2. INTRODUCTION
Motion sickness is a syndrome whereby aggravating body motions trigger auto-
nomic symptoms such as salivation, dizziness, headaches, panting, hot/cold flushes,
stomach awareness, nausea and vomiting (Bertolini and Straumann, 2016). Chronic
exposure to sickening motions may lead to the sopite syndrome, which is associated
with lethargy, fatigue and drowsiness (Matsangas and Mccauley, 2014).

Riccio and Stoffregen (1991) argue that motion sickness is caused by postural in-
stability (known as postural instability theory of motion sickness). Others argue that
sickness occurs due to a mismatch between sensed sensory signals and the sensory
signals expected by the brain (Bos, 2011) (Sensory Conflict Theory), and that postural
instability is a consequence of such mismatch.
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Reason (1978) was the first to promote the sensory conflict theory. Here, the pre-
dicted sensory signals were hypothesized to originate from an internal model, which
takes the form of a neural store. He hypothesised that this conflict leads to adapta-
tion of the internal model and consequently, habituation to the sickening stimuli.
Oman (1982) likened this conceptual model to the manner by which a Luenberger
Observer (LO) operates. The LO has an internal model of the system (which is com-
posed of both body and environment dynamics) and sensor dynamics. Due to the
imperfect and noisy nature of the sensory signals (Faisal et al., 2008; Nouri and Kar-
mali, 2018; Jamali et al., 2013) one cannot use the sensor measurements directly. In-
stead, the true states of the system must be observed (estimated) by integrating sen-
sory information using an internal model of the system itself. Indeed, there is strong
neuronal evidence for the use of internal modelling for state estimation (Merfeld
et al., 1999; Angelaki et al., 2004; Laurens et al., 2013; Oman and Cullen E. Kath-
leen, 2015). These estimated states are then used for task planning and execution.
To quantify estimation accuracy, the central state estimates are passed through the
internal model of sensory dynamics and compared with the actual sensory signals.
The resulting error is the estimation error, or the sensory-expectancy conflict. This
conflict is used to drive the estimated body motions towards the true state, and to
adapt the parameters of the internal model, such that it provides better estimates.
It is hypothesized that the conflict is integrated and the subsequent symptoms of
motion sickness are due to its accumulation (Dai et al., 2010).

Therefore, based on the strong neuronal support for internal modelling, the scope
of this chapter will not cover postural instability theory nor attempt to evaluate pos-
tural precursors to motion sickness, instead, we aim to build on the concepts of state
estimation and sensory conflict.

The form this state estimation model needs to take to make accurate predictions
of motion sickness is not clear. If the human state estimation process is indeed linked
to motion sickness, one would expect to see a clear relationship between certain pa-
rameters of state estimation and motion sickness. State estimation is a latent process
and cannot be directly measured. Instead, one may measure its correlates in reflex-
ive actions, such as eye movements elicited by the vestibular-ocular reflex (VOR) or
through perceived motions such as angular velocity, linear displacement and orien-
tation, as reported subjectively by human participants (Merfeld et al., 2005a). From
such correlates, simple individual-specific parameters can be derived such as the
velocity storage time constant and the subjective vertical time constant. These pa-
rameters characterize motion perception and reveal key aspects of an individual’s
state estimation process. Here, the velocity storage time constant is indicative of
how the individual computes ego-angular velocity (Bertolini et al., 2011a) and the
subjective vertical time constant provides a measure of the frequency characteristics
of tilt and translation perception.

Several studies investigated the relationship between individual motion percep-
tion parameters and motion sickness susceptibility. Dai et al. (2003, 2007) used a
cross-coupled motion paradigm where participants were requested to roll their head
about the naso-occipital axis whilst being rotated in yaw. The number of head rota-
tions a participant could tolerate was negatively correlated with the velocity storage
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time constant (r = −0.94). In addition, as the participants followed a habituation
protocol, there was a significant reduction in the velocity storage time constant, in
tandem with an increase in the number of tolerable head movements (Dai et al.,
2003).

Relatedly, Clément et al. (2001) used the cross-coupled motion paradigm, this
time with pitching motion about the interaural axis of the head. They found that
during habituation to the sickening motion, there was again a significant decrease in
the duration of the post-rotary nystagmus (and consequently in the velocity storage
time constant), as well as in motion sickness. In a similar experiment, Clément et al.
(2007) found that the velocity storage time constant reduced by 22.7% with habit-
uation. Likewise, Bos et al. (2002) found that subjects highly susceptible to motion
sickness showed a slower decay of nystagmus, thus a longer velocity storage time
constant, with a larger peak velocity than less susceptible subjects.

Though there seems to be converging evidence of a strong relationship between
the velocity storage time constant and motion sickness sensitivity, Quarck et al.
(2000) found no significant differences between the velocity storage time constant of
sickness susceptible and non-susceptible participants. Likewise, Tanguy et al. (2008)
found no difference in the velocity storage time constant between figure skaters (who
were significantly less susceptible to motion sickness) and controls.

It is important to note that the nauseogenic stimulus in both Quarck et al. (2000)
and Tanguy et al. (2008) was off-vertical axis rotation (OVAR), which is different
from the cross-coupled stimulation employed in the former studies. Here, as during
constant rotation about the body axis, the semi-circular canal stimulation reduces to
zero. The effect of angular velocity perception on sickness sensitivity should there-
fore be much lower in this motion paradigm.

The potential cause of sickness in OVAR was investigated by Wood (2002). Here,
it was noted that the modulation of the torsional and horizontal components of eye
velocity, indicative of tilt and translation, respectively, crossed over at approximately
the region where Denise et al. (1996) measured peak sickness during OVAR, which
was approximately at 0.3 Hz for their group of participants. Following on from this
study, Wood et al. (2007) measured tilt and translation perception above and be-
low the previously identified cross-over frequency. The cross-over frequency char-
acterises how the central nervous system performs gravito-inertial ambiguity reso-
lution (referred to in some literature as tilt-translation ambiguity resolution). The
ambiguity resolution is necessary because the otoliths do not measure inertial ac-
celeration separately from gravity. Instead, due to Einstein’s equivalence principle,
these are sensed in the form of a combined vector named gravito-inertial acceler-
ation (or specific force). For appropriate actuation of an organisms’ effectors, this
combined vector must be decomposed into acceleration and gravity. For the OVAR
motion paradigm, the central nervous system attempts gravito-inertial ambiguity
resolution by employing an internal model which can be effectively seen as high (for
translation) and low-pass (for tilt) filtering of the otolith signal. The time constant
for tilt perception (referred to as the subjective vertical time constant), determines
the cross-over frequency and has been hypothesized to correlate with the peak fre-
quency of sickness (Wood, 2002).
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Correlating a single parameter with sickness sensitivity for a single motion paradigm,
as in the angular vestibular-ocular reflex (aVOR) time constant studies, may provide
misleading conclusions of a general sensitivity effect of this parameter, rather than
for example the frequency effect that was found by Wood (2002); Dai et al. (2007);
Denise et al. (1996) for OVAR.

From a system identification perspective, the mechanistic relationship between
motion perception parameters and sickness, such as through the observer frame-
work as used by Oman (1982) and Bos and Bles (1998), only becomes identifiable
when the frequency sensitivity of sickness is measured and correlated with the pa-
rameters. Bos and Bles (1998) and Khalid et al. (2011a) attempt to identify such
a model of motion sickness by fitting mean perception parameters from literature
to group level frequency sensitivity data collected for vertical (O’Hanlon and Mc-
Cauley, 1974) and lateral accelerations (Donohew and Griffin, 2004), respectively.
Individuals, however, differ largely from each other in their motion sickness sensi-
tivity (Lackner, 2014) and likely also differ in their frequency sensitivity to sickness.
If this is the case, group average frequency sensitivity may not be the same as in-
dividual frequency sensitivity, which may vary substantially between individuals,
therefore using group average sensitivity to fit these models may not be correct.

In the present study, we will assess individual variability in the frequency re-
sponse of motion sickness sensitivity and evaluate the relation with motion percep-
tion parameters. We will do this by having participants perform a two-part experi-
ment. In the first part, we will determine the time constant of velocity storage and
the subjective vertical for each individual. The former parameter will be evaluated
by using an Earth Vertical Axis Rotation (EVAR) motion paradigm. The latter will be
evaluated both by computing the time constant of subjective tilt change during cen-
trifugation (not taking into account the effect of yaw present during centrifugation),
as well as in a more nuanced manner, by computing the cross-over frequency using
the Multi Sensory Observer Model (MSOM) (Newman, 2009; Newman et al., 2012;
Clark et al., 2019). The motions will be generated using the Cyber Motion Simulator
at the Max Planck Institute for Biological Cybernetics in Tübingen (Barnett-Cowan
et al., 2012). In the second part of the experiment, we will determine frequency
sensitivity to horizontal plane accelerations, just as in Donohew and Griffin (2004),
Golding and Markey (1996) and Golding and Stottt (1997), but specifically evaluat-
ing the response at the individual level. This will be done on the Max Planck Ca-
bleRobot simulator (Miermeister et al., 2016). In subsequent analyses, we will relate
the perception parameters obtained in the first part of the experiment to the sickness
response observed in the second part of the experiment. Based on the literature, we
hypothesize that:

1. Group sensitivity of sickness due to fore-aft acceleration is frequency depen-
dent.

2. Frequency-dependent sickness sensitivity varies substantially between indi-
viduals.

3. Individual motion perception parameters are indicators of motion sickness
sensitivity:
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a The peak frequency of sickness is expected to increase with lower subjec-
tive vertical time constant and higher cross-over frequency;

b The peak frequency of sickness is expected to correlate with the velocity
storage time constant;

c Overall motion sickness sensitivity is expected to correlate with the sub-
jective vertical time constant, cross-over frequency and the velocity stor-
age time constant.

4.3. METHODS
The study was designed to assess whether a relation exists between parameters that
describe perception of passive self-motion from vestibular stimulation and motion
sickness sensitivity. To this end, we performed a combined set of two experiments,
on 1) motion perception and 2) motion sickness sensitivity as a function of frequency.

4.3.1. ETHICS STATEMENT
All participants provided written informed consent prior to participation. The ex-
perimental protocol was approved by the ethical committee of the Human Research
Ethics Committee of TU Delft, The Netherlands, under application number 1030.

4.3.2. PARTICIPANTS
In total, 23 participants took part in this study (mean age: 26.7 years, STD: 4.1 years,
15 female, 8 male). Participants were compensated for their time at a rate of 10 e/hr,
with a 30e bonus upon completion of all 6 sessions. Due to the incipience of the
COVID-19 pandemic (2020), we were forced to stop data collection abruptly. As a
consequence, 12 participants completed all 5 sickness sessions; 6 completed 4; 3 com-
pleted 3; and 1 completed only 2 sessions. The 23 participants had a mean motion
sickness susceptibility questionnaire short form (MSSQ-Short Golding (2006)) score
of 16.6 (STD = 10.5), indicating an above average sensitivity, corresponding to the
67th percentile. The MSSQ-Short scores were not used in the participant selection
process.

4.3.3. APPARATUS
For both experiments a neck-brace was used to limit unwanted head rotations. Par-
ticipants were also blindfolded by the placement of a hollowed out VR headset over
their eyes. A Tobii Pro glasses eye-tracker (Tobii Pro AB, Danderyd, Stockholm,
Sweden) was placed within the VR headset.

PERCEPTION EXPERIMENT

This experiment was performed using the Max Planck Institute’s CyberMotion Sim-
ulator (CMS, see Figure 4.1a) (Barnett-Cowan et al., 2012). The CMS is an anthro-
pomorphic robot arm (KUKA Roboter GmbH, Augsburg, Germany, model Robo-
coaster) at the end of which is a closed cabin within which the participant is seated
and secured using a five point harness. During the experiment, participants wore
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ear-enclosing headphones that attenuated the rumble noise of the simulator. Con-
tinuous communication with the experimenter could be made via the integrated mi-
crophone. Perceptual responses were provided by the participant using a custom
made pointer device. The pointer device (see Figure 4.1c) consists of a stainless steel
rod of approximately 20 cm that is connected through the middle to a rotary poten-
tiometer. The potentiometer is housed in a plastic box that was placed above the
right leg of the participant such that it may be actuated by the right hand. The rod
could be rotated in the vertical sagittal plane.

SICKNESS EXPERIMENT

Motion sickness was elicited by fore-aft motions performed on the Max Planck In-
stitute’s CableRobot Simulator (CRS, see Figure 4.1b) (Miermeister et al., 2016). The
CRS is a cable driven simulator: the cables are attached to a central cabin and actu-
ated by electric motors controlling the extension of the cables. The allowable work
space of the cabin is 8 m×4 m×4 m (longitudinal, lateral and vertical in the seat-
ing direction). The participant was seated in a racing chair and secured via a five-
point harness. An additional safety belt was placed across the lap of the participant.
During the experiment, participants wore ear-enclosing headphones with an embed-
ded microphone, which allowed continuous communication. Sickness ratings were
queried in 30 s intervals with a 1 kHz beep, and verbal responses were recorded
automatically to a computer connected to the microphone.

4.3.4. TASK & STIMULI
PERCEPTION EXPERIMENT

All participants first took part in the perception experiments. The CMS was used
to provide stimuli to estimate motion perception parameters of the velocity storage
time constant and the subjective vertical time constant.

Centrifugation was used to determine the subjective vertical time constant. The
centrifuge arm was rotated with an angular acceleration as a function of time, t of
the form: 47.5(−cos(2π f t) + 1) deg/s2, where f = 0.709. This lasted for 1.41 s, at
which point the centrifuge reached a constant earth vertical rotation velocity of 67
deg/s. Participants were placed with a radial offset of 3.11 m from the centre of
centrifuge rotation. They were oriented facing out from the direction of centripetal
acceleration. Participants were instructed to align the orientation of the rod to (the
pitch of) their perceived vertical (Correia Grácio et al., 2013). As the participants
were blindfolded, this was done based on the sense of touch only.

Velocity storage time constants were determined in conditions where the CMS
was used to rotate participants around an Earth-vertical axis (EVAR) at 57 deg/s
The angular acceleration was a function of time, t of the form: 47.5(−cos(2π f t) + 1)
deg/s2, where f = 0.833. This lasted for 1.2 s, at which point the rotation reached a
velocity of 57 deg/s. Here, participants were instructed to indicate their perceived
angular velocity by rotating the rod away from or towards their body, in proportion
to the subjectively experienced speed and the direction of their perceived rotation,
the displacement of the rod from the vertical for EVAR indicated the speed of the
perceived angular velocity, with the anchoring point being the upright position, in-
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(a) (b)

(c)

Fig. 4.1 Experimental setup. a is the CMS used to measure motion perception in centrifugation mode.
b shows the CRS used to measure frequency sensitivity in motion sickness development. c shows the
pointer device, participants were instructed to align the orientation of the rod to (the pitch of) their per-
ceived vertical

dicating standstill (the rod was reset to this position for every new motion trial).
This psychophysical task is similar to the one used by Bertolini et al. (2011a), who
instructed their participants to match their perceived speed with the speed of ro-
tation of a similar rod. In our experiment, participants were instead asked to do
the easier control task of matching their perceived speed, with the position of the
rod. The mapping of rod deflection to spin rate is arbitrary, so we cannot know
what the actual perceived speed of the participant was. However, the responses do
indicate how the perceived speed decayed with respect to time, which is the only
requirement for determining the velocity storage time constant. Therefore, just as in
Bertolini et al. (2011a), the amplitude of rod deflection was normalized. The normal-
ization was done with respect to the maximum rod position during the initial 60 s
rotation.

The two motion paradigms were each repeated 4 times for a total of 8 trials. The
motion paradigms from the 8 trials were presented in random order. Including the
fade-in/fade-out periods, the motions for each trial lasted for 60 s. After this, the
platform was stopped and remained stationary for another 60 s. Participants were
instructed to report their perceptions also during the stationary phase. After the
stationary phase, the platform was re-orientated for the next trial.
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Vertical and horizontal eye movements were recorded using the Tobii Pro glasses
and processed, but not analysed further as the data was of poor quality in approxi-
mately 50% of the participants.

SICKNESS EXPERIMENT

The week after the perception experiments on the CMS, participants began their
first motion sickness session. Each participant underwent five motion sickness ses-
sions, separated by a minimum of 4 days to minimise habituation. Participants were
seated on the CRS platform and subjected to (maximum) 30-minute sinusoidal fore-
aft motions with peak accelerations of 2 m/s2 and frequencies of 0.15, 0.2, 0.3, 0.4
and 0.5 Hz, with a 10-second smoothed start and end. The fade-in function for time
t was: (t/10) − (1/2π)sin(2π(t/10)). For the fade-out, the value of this function
was subtracted from 1.

Each session only tested one frequency of the acceleration stimulus. Due to time
limitations and a desire to sample as broad a range of frequencies as possible, condi-
tions were not repeated. This is justified by good trial-to-trial repeatability found in
motion sickness response (Miller and Graybiel, 1969; Irmak et al., 2020). The choice
of the lowest frequency was imposed by the maximum possible stroke at 2 m/s2.
The choice for the highest frequency was based on the observed frequency at which
sickness was approximately one tenth of that at lower frequencies (Donohew and
Griffin, 2004). The order in which each frequency was experienced was randomized
for all the participants. This prevented confounding effects of habituation between
the different frequencies.

The participants were instructed to report their sickness on the 11-point subjec-
tive MIsery SCale (MISC) (Bos et al., 2010). Although MISC may probe multiple
symptom clusters, MISC is still monotone with respect to subjective severity of sick-
ness. This is supported by the fact that in our study mild nausea (MISC 6) was never
seen prior to build up of the other symptoms (as shown in Figure B.4), an observa-
tion that has also been reported in previous literature (Bos et al., 2005). Therefore, the
scores recorded are on an ordinal scale with respect to sickness severity. The MISC
was queried every 30 seconds. Each sickness session lasted up to a maximum of 30
minutes, or until the participant reached a MISC level of 6. A MISC level of 6 cor-
responds to slight nausea and was deemed an appropriate threshold both in order
to prevent participant dropout from further sessions but also due to ethical con-
cerns. After each session, participants were asked to complete the Motion Sickness
Assessment Questionnaire (MSAQ) (Gianaros et al., 2001). The MSAQ is a 16-item
questionnaire composed of 4 sub-components querying various types of sickness.
The types of symptoms are: gastrointestinal symptoms such as stomach awareness,
central symptoms such as feeling light headed, peripheral symptoms such as feel-
ing sweaty, and sopite symptoms such as fatigue. Each item was rated on a scale
from 1 to 9, providing Likert-type ordinal data. The MSAQ gave a more detailed
breakdown of participant symptoms at the worst point of their sickness, which was
almost always at the end of the experimental session.
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4.3.5. DATA REDUCTION
A large amount of data was collected in both parts of the experiment. To evaluate
our hypotheses, we summarized the perception data to a simple set of parameters
that characterized each participants’ response. Likewise, for each sickness session
we calculated a single robust metric that represented the amplitude of the sickness
experienced.

VELOCITY STORAGE AND SUBJECTIVE VERTICAL TIME CONSTANTS
The subjective vertical and velocity storage time constants for perception were iden-
tified by first pooling the normalized responses of each motion paradigm per par-
ticipant and averaging across the repetitions. The time constants of the perceived
subjective vertical and the angular velocity were estimated as the time it took for
the perceived quantity to converge 63.2% of the way to steady state. For the subjec-
tive vertical this was estimated by fitting an exponential function of the following
form y = b1(1 − exp(−b2t)) using the fitnlm function in MATLAB. The average R2

value across individuals was 0.96, indicating a good fit of the model (individual
fitting shown in B.1a). For velocity storage, the time constant was estimated non-
parametrically by simply finding the point at which the perceived angular velocity
passed 63.2% of the way to steady state (individual responses, as shown in B.1a). A
different method than fitting an exponential was chosen here because of plateauing
behaviour. This is discussed in the results.

CROSS-OVER FREQUENCY
The subjective vertical time constant derived from the centrifugation is specific to
the experimental paradigm used. If a variable arm centrifugation would have been
used, or a faster yaw velocity, the time constant of the subjective tilt would likely
be different. This is due to the presence of the perceived yaw signal (Merfeld et al.,
2000), which is influenced by the velocity storage time constant. The fore-aft accel-
eration that was used to induce sickness does not have this angular component. For
this perturbation, just as in OVAR, it is likely that the cross-over frequency of gravito-
inertial perception is the underlying parameter of most importance. The perception
paradigms used do not allow for a direct measurement of this value. However, the
results from the paradigms studied can be used with models of sensory integration
to estimate the cross-over frequency of gravito-inertial perception. For this purpose
we use the Multi Sensory Observer Model (MSOM) (Newman, 2009; Newman et al.,
2012; Clark et al., 2019). The MSOM was chosen because it has been validated across
a wide range of motion paradigms and belongs to the observer class of spatial ori-
entation models linked by Oman (1982) to motion sickness development.

The MSOM, shown in Figure 4.2, was implemented in Simulink. The aim of the
MSOM is to predict perceived angular velocity, inertial acceleration and orientation
of the human participant given the inputs of head referenced head angular velocity
ωh and head referenced gravito-inertial force fh. In this model perceived orientation
and so the the rod orientation set by the participant is assumed to be inline with
the gravitational vector. This assumption for passive centrifugation matches experi-
mental observations (Panic et al., 2015; de Winkel et al., 2020), such as in this study,
but may not hold for active motion and control of orientation, where the upright
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may be defined with the direction of balance instead (Riccio et al., 1992). In its cur-
rent formulation the MSOM has five parameters, Kω, K f ω, K f and Ka and K1. The
parameter Kω is the feedback gain of the angular velocity perception path. For a
given time constant of the semi-circular canals (SSC) and the internal model of the
semi-circular canals (SSC) its value determines the velocity storage time constant
of angular velocity perception. The otoliths (OTO) and the internal model of the
otoliths (OTO) is given as a unity transfer function. The parameter K f ω determines
the contribution of a change in the orientation of the gravito-inertial force on the
perceived angular velocity. Parameter K f sets the change in perceived orientation
given a change in the orientation of the gravito-inertial force. Parameter Ka is the
translational acceleration feedback gain, determining the gain of the perceived ac-
celeration through the otolith organs. Lastly, K1 is the angular velocity gain to the
gravity estimator. This is actually a function of Kω of the form Kω/(1 + Kω)

OTO
+

- Ka

OTO
-

+

∫
ˆ̇qdt

+
+

f⃗hx⃗̂fh

| f⃗h||⃗̂fh|
K f

K f ω

SSC
+

- Kω
+

+

SSC

K1

f⃗h e⃗a ⃗̂ah

⃗̂gh⃗̂f

e⃗ f

ω⃗h e⃗ω

⃗̂ωh

Fig. 4.2 Multi Sensory Observer Model used to compute the cross-over frequency between acceleration
and gravity perception

For our implementation, the gain K f ω was set to zero because it was found that
during OVAR perception of angular velocity tended to zero, which would not be
the case for a finite K f ω (Vingerhoets et al., 2005). Moreover, the semi-circular canals
SSC and the internal model of the semi-circular canals SSC were both represented as
first-order high-pass systems, with a time constant fixed at 5.7 s for all participants
based on Merfeld et al. (1993). Setting this as a free variable would have created an
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underdetermined model. The reference data for model fitting was the rod setting for
the centrifugation and the EVAR motion paradigms. Because the model is not able
to predict biases, such as an overshoot of the subjective vertical or miscalibration in
the internal representation of rod orientation, as may have been the case for some
of the participants, the rod data was first filtered through a median filter of window
1 s, it was then normalised and scaled to the theoretically expected maximal tilt
and angular velocity percepts. This operation did not affect the predicted cross-over
frequency, as even though amplitude information was lost, the temporal dynamics
were maintained.

For reference, Figure B.2 shows the fits for the 14 participants for which both cen-
trifugation and EVAR data was available. The fits were performed using a genetic
algorithm with a group size of 100 for each generation. The fitting was then further
refined using the interior-point method. This process was repeated 5 times from
different initial conditions. The cross-over frequencies found were approximately
the same between different iterations and were therefore averaged across iterations
per participant. The error function used for the fitting was The Symmetric Mean
Absolute Percentage Error (SMAPE):

SMAPE = 100
Σn

t=1|Ft − At|
Σn

t=1|At|+ |Ft|

This error metric is well protected against outliers and treats both over and un-
derestimation in an unbiased manner. For each iteration, the SMAPE between the
fitted, Ft and the actual At perceived angular velocity and subjective vertical were
calculated. The average of the two errors was then minimised by the optimisation.

The solution for Kω was unique for each individual. The parameters Ka and K f ,
however, could not be uniquely estimated from the current data. However, the ratio
between the Ka and K f values found was unique. It is this ratio that determines the
cross-over frequency, which is given by the intersection of acceleration and gravity
perception gains, as shown in Figure 4.3 (and Figure B.3 for all participants). Fig-
ure 4.3 was generated by plotting the magnitude response of the linearised simulink
model (obtained using bode response option native to Simulink). This subsequent
linearisation gave as outputs gravity and acceleration for a small horizontal accel-
eration input perturbation. The factor by which this small horizontal acceleration
becomes gravity and acceleration respectively is given as the gain. In this case Fig-
ure 4.3 shows the small acceleration perturbation at lower frequencies is perceived
as change in gravity, i.e. tilt and at higher frequencies as acceleration. Therefore,
it was possible to use our two motion perception paradigms to determine a unique
cross-over frequency as per the MSOM.

SICKNESS MAGNITUDE
In this study, motion sickness was measured using two methods: the MISC ratings
that were taken during a session, and the MSAQ that was filled out at the end of a
session. MISC ratings were obtained for the duration of each sickness-session, with
intervals of 30 s (Figure B.4 shows MISC trajectories for all participants and condi-
tions). Sickness intensity can be quantified in different ways, for example, using the
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Fig. 4.3 Example of one participant showing a cross-over frequency of 0.18 Hz

mean MISC, which is the average MISC rating across the entire period of the run,
or the MISC rate, which is the maximum MISC rating divided by the time taken to
reach it. Likewise, for the MSAQ, either the total score or the various sub-scores can
be used to quantify the frequency sensitivity. Each measure can transform the fre-
quency sensitivity curves seen, with no guarantee that the chosen measure is be the
best measure.

Therefore, instead of choosing a single sickness metric among the different choices
in an arbitrary manner, we performed factor analysis to ascertain the latent factor
structure. With the factor loadings we then established an aggregated measure that
best correlated to the underlying sickness experienced by the participants. This has
the added advantage of reducing measurement noise. Here, there are 7 metrics to
quantify sickness: the mean MISC (Mµ), MISC rate (Ṁ), maximum MISC (Mmax),
MSAQ Gastro (MSg), MSAQ Central (MSc), MSAQ Peripheral (MSp) and MSAQ
Sopite (MSs). These are strongly correlated with each other, but also to a number
of latent factors. In our experiment we had a within-participant design where the
same participant was exposed to 5 conditions in terms of motion frequencies. Hence
variance is influenced by both within and between participant sources.

These metrics were first standardized with respect to their group mean and stan-
dard deviation such that they were unitless. To account for dependency in the
metrics, factor analysis on the averaged within-participant correlation matrix (Reise
et al., 2005) was performed. As the data is ordinal Spearman’s rank correlation ma-
trix was used (Klinke and Wagner, 2008).

Factor 1 explained 41.1% of the variance and mainly related to the overall level of
sickness, as is seen from the high loadings on the mean and maximum MISC, as well
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Table 4.1 Table of factor loadings of different subjective sickness scores; mean MISC, MISC rate, maximum
MISC, MSAQ gastrointestinal, MSAQ central, MSAQ peripheral and MSAQ sopite, on to three latent
factors. Bold numbers indicate high factor loadings.

Item Factor 1 Factor 2 Factor 3

Mµ 0.8984 0.2000 0.1160
Ṁ 0.1306 0.9884 0.0318

Mmax 0.8816 0.0174 0.2572
MSg 0.7897 0.0083 0.2329
MSc 0.4338 0.0444 0.4029
MSp 0.6631 0.1257 0.0912
MSs 0.1516 0.0194 0.8512

as the gastric component of the MSAQ. Factor 2 explained an additional 14.8% of
the variance and mainly related to the duration of symptom development, with the
highest loading for the MISC rate. Lastly, Factor 3 explained an additional 14.7% of
the variance and primarily captured other sources of discomfort, such as drowsiness
and irritation. This was indicated by the high loading on the sopite component of
the MSAQ. As we are interested in sickness, Factor 1 is the most important. Here,
the loadings on the mean MISC, maximum MISC and MSAQ Gastro and MSAQ
Peripheral were greater than the loadings on the other metrics. Moreover, unlike
the other items loaded on Factor 1, they did not cross-load onto the other factors.
Therefore, using these metrics, a joint Sickness Index (SI) was constructed (Wieland
et al., 2017). The SI is given in the form

SI =
F11

4σ1
Mµ +

F13

4σ3
Mmax +

F14

4σ4
MSg +

F16

4σ6

where F11 is the factor loading of the first factor on the first metric Mµ, F13 is the factor
loading of the first factor on the third metric Mmax and F14 is the factor loading of the
first factor on the fourth metric MSg and lastly F16 is the factor loading of the first
factor on the sixth metric MSp. Likewise, σ1 is the standard deviation in the scores
of the first item rating Mµ, σ3 is the standard deviation in the scores of the third item
rating Mmax, σ4 is the standard deviation in the scores of the fourth item rating MSg
and lastly σ6 is the standard deviation in the scores of the sixth item rating MSp. The
coefficients of both Mµ, Mmax, MSg and MSp are all standardized with respect to
their respective standard deviations (Fernando et al., 2012).

4.3.6. PEAK FREQUENCY OF SICKNESS
Due to being a more robust measure than the unprocessed peak or the one estimated
in the statistical model, the spectral centroid was taken as the point of peak sickness.
This was given by the equation

ΣN
1 f (n)SI(n)
ΣN

1 SI(n)
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where N is the nth condition for a given participant, f is the frequency of this condi-
tion and SI is the sickness index seen at this condition.

GENERAL MOTION SICKNESS SENSITIVITY
The estimated frequency sensitivities may be affected by noise in individuals’ re-
sponses, for instance due to difficulty distinguishing between low levels of sick-
ness, or due to day-to-day variability in sensitivity between sessions. A more robust
measure of overall sensitivity to sickening stimuli was obtained by averaging the
responses for different frequencies. To evaluate overall sensitivity, we calculated a
mean SI across all frequency conditions available for each individual participant.

4.4. RESULTS
4.4.1. PERCEPTION EXPERIMENT
The centripetal force of 4.2 m/s2 should change the direction of the gravito-inertial
force (GIF) to be 23.2 deg from the direction of gravity. Figure 4.4a shows the average
response pooled across all repetitions for all participants. Here, there was an over-
estimation (when compared to the GIF) of the final tilt angle, at 31.3 deg. The mean
time constant of this tilt percept was 9.2 s (STD = 7.17 s). As shown in Figure 4.5a,
this time constant was similar to reported values in literature (Graybiel and Brown,
1951; Merfeld et al., 2000; Curthoys, 1996; De Graaf et al., 1996). Figure B.1 shows
the development of the tilt percept for all 17 participants that data could be collected
for. Eight of the participants converged to within 2 deg of the GIF, another 8 showed
a higher tilt angle with only one noting a lower tilt angle.

In the first 60 s of EVAR, participants reported a constant perception of rotation
(shown in B.1). This is contrary to the expectation of a steadily decaying perception
of angular velocity. This retention of perceived angular velocity was likely due to
noise and rumble of the simulator. For this reason, the decay in the perceived angu-
lar velocity following a period of 60 s after the complete cessation of the simulator
was used instead to quantify the velocity storage time constant. Figure 4.4b shows
this perception after-effect for EVAR, averaged across all participants, for all repe-
titions. Here, the mean time constant for the decay was 17.2 s (STD = 6.8 s). As
shown in Figure 4.5b, this was similar to the values reported in literature (Guedry,
1974; Okada et al., 1999; Vingerhoets et al., 2005). Once at the maximal value, the
mean response showed a plateau of approximately 4 s. Looking at the individual
responses in Figure B.1, it can be seen that for 11 participants the duration for which
participants stayed at 90% of maximum tilt sensation was more than 5 s. For the
remaining 7, perceived velocity decreased faster, i.e., 90% within 5 s.

4.4.2. SICKNESS EXPERIMENT
GROUP FREQUENCY SENSITIVITY
In our study only 7 out of 23 participants reached mild nausea (MISC of 6 at one or
more frequencies). This indicates a mild level of sickness was reached in this study.
The Sickness Index (SI) between participants does not show a clear frequency depen-
dency (Figure 4.6). However, individual participants do show a marked frequency
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Fig. 4.5 Estimated distribution of perception parameters using kernel density estimation, as well as the
mean parameters findings in the literature indicated by asterisks on the x-axis. a estimated distribution
for the time constant of the subjective vertical. The stars going from left to right are Curthoys (1996),
De Graaf et al. (1996), Merfeld et al. (2000) and Graybiel and Brown (1951). b estimated distribution for
the time constant of velocity storage. The stars going from left to right are Guedry (1974), Okada et al.
(1999) and Vingerhoets et al. (2005)

dependency (Figure 4.7).
As per Donohew and Griffin (2004), we expected (H1), Group sensitivity of sick-

ness due to fore-aft acceleration to be frequency dependent), where the relation between
frequency and motion sickness reported previously can be approximated by an up-
side down parabola. Consequently, we assumed the sickness index to be described
by a quadratic function of the form:

SI = b1 − b2( f − b3)
2
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Fig. 4.6 Sickness Index for different frequencies. The bars show the median, the 25th and 75th percentiles,
and the full range

where b1 is the intercept, b2 is the strength of the quadratic effect and b3 is the fre-
quency of maximum sickness. The coefficients b2 and b3 were bounded such that
they were both greater than or equal to zero.

The hypothesis that there is such a quadratic relation can be tested statistically by
comparing AIC and BIC scores for this model to those metrics for an intercept-only
model. AIC and BIC scores are measures of model fit which are based on the likeli-
hood of the data given the model, whilst including a penalty term for the number of
parameters. This penalty term has a constant scaling with the number of parameters
for the AIC, but has a logarithmic scaling with the number of observations for the
BIC. This means that for a large number of observations, the BIC is more conserva-
tive in its selection of more complex models. Fabozzi et al. (2014) specifies how to
interpret the absolute value of differences in the AIC and BIC scores between the
models, in terms of strength of evidence. According to these rules of thumb, abso-
lute differences in the indices 2, 6, and 10 provide positive, strong, and decisive
evidence (respectively) in favor of the model with the lower value.

As a benchmark, we first fitted a Fixed Effect Intercept only model, SI = b1. The
observed AIC and BIC values were 173.5 and 176.0, respectively. For the full Fixed
Effect Quadratic model, SI = b1 − b2( f − b3)

2, the observed AIC and BIC were 174.0
and 181.6, respectively. This suggested that there was no common frequency effect
in the group. Indeed, a visual inspection of the box plot in Figure 4.6 is consistent
with this assessment. However, when the error between model predictions and the
observations made for each individual participant was evaluated, it was seen that
the errors were not evenly distributed around zero, but instead, these were offset
in either direction of zero (shown in Figure B.5). This suggests that accounting for
individual variability could improve the model fit. We attempted to account for
this variability between individuals by using a mixed-effects intercept and quadratic
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Fig. 4.7 Participant sickness index as a function of frequency, with individual quadratic fits

models. However, these did not provide successful fits to the data and so for the sake
of brevity this is not shown.
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INDIVIDUAL SENSITIVITY

The reason behind the frequency-invariant group-level response could be the ag-
gregation of individual differences in frequency sensitivity. As shown in Figure 4.7
individuals show markedly different sensitivity variations with frequency: for some,
there appears to be a peak at intermediate frequencies (i.e., going from left to right,
participants 5, 10, 13, 16 and 17), whereas others appear to experience more sickness
at low frequencies (i.e., participants 7, 12, 18, 20 and 21) or at higher frequencies (i.e.,
participants 1, 10, 11 and 19). Also, for some participants the range of frequencies
tested might not be wide enough to reveal a peak sickness response.

We tested whether individuals on average had different frequency sensitivities
by fitting the model to each individual’s data separately. However, individual par-
ticipants contributed at most five data points, and the model has three parameters,
this left few degrees of freedom. The model could not be fitted for participants who
had less than four data points, and hence, the five individuals for whom this was the
case were excluded from this analysis.

Because participants are independent, we can sum model likelihoods, the num-
ber of parameters, and the number of observations to calculate overall model fit in-
dices for the intercept-only and the quadratic models. For the intercept-only model,
the AIC and BIC scores were 82.4 and 125.7, respectively, with 31.0 and 160.9 for the
quadratic model. In this analysis, the AIC thus favors the quadratic model, whereas
the BIC favors the intercept-only model due to a larger penalty on the number of
parameters. Likelihood ratio test between the Individual Intercept and Individual
Quadratic model gave p 0.001, this indicates that the Individual Quadratic model is
a better fit to the data.

Because this analysis excluded some participants, new joint fixed intercept and
quadratic models were fitted as benchmarks to assess the evidence for individual
differences. These models were fitted to the joint data of all participants included in
the individual fits. The scores obtained were AIC: 144.2 and BIC: 146.6 for the inter-
cept model and AIC: 144.0 and BIC: 151.2 for the quadratic model. The conclusions
thus differ depending on the choice of criterion.

Taking the more conservative BIC, the joint intercept-only model is preferred
compared to the individual quadratic model (BIC: 146.6 vs BIC: 160.9). This means
that taking the BIC the hypothesis (H.2) of a frequency dependent variation in sickness
sensitivity which also varies across different individuals is rejected. Based on the AIC
however, the individual quadratic model is preferred over the fixed intercept and
fixed quadratic models (AIC:31.0 vs 144.2 and 144.0). This is confirmed using a
likelihood-ratio test where p 0.001. Therefore, the hypothesis (H.2) of a frequency
dependent variation in sickness sensitivity which also varies across different individuals is
accepted.

4.4.3. SICKNESS AND PERCEPTION
VELOCITY STORAGE & SUBJECTIVE VERTICAL TIME CONSTANT

As per H.3, we expected there to be a negative correlation between the frequency sensitivity
of sickness and (H.3a) the subjective vertical time constant (as computed simply from the
centrifugation results), and (H.3b) the velocity storage time constant. The spectral centroid
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Table 4.2 Table showing both individual and group fits for 18 participants. Bold elements indicate the
best fitting model.

Fit type SSE Log-likelihood AIC BIC

Individual Intercept 12.0 -23.2 82.4 125.7
Individual Quadratic 5.0 38.5 31.0 160.9

Joint Intercept 27.5 -71.1 144.2 146.6
Joint Quadratic 26.8 -69.0 144.0 151.2

was taken as the point of peak sickness. The correlations between this frequency
and the perception parameters were computed for those subjects for which both the
appropriate perception data and at least four sickness runs existed.

The correlation coefficients between the spectral centroid and the velocity storage
(shown in Figure 4.8a) and subjective vertical time constants (shown in Figure 4.8b)
were r(14) = 0.32 (p = 0.26) and r(13) = -0.37 (p = 0.29), respectively. Therefore, the
evidence does not support the hypothesis of a correlation between the subjective vertical and
the velocity storage time constants and the frequency of peak sickness (our H.3a and H.3b).

CROSS-OVER FREQUENCY

The mean cross-over frequency of the 14 participants was 0.21 Hz, this ranged from
0.04 Hz to 0.42 Hz. This approximately matched the frequency range where sickness
is seen for horizontal accelerations.

For 11 participants both the quadratic function describing the peak sickness fre-
quency and the MSOM fits was estimated. The correlation coefficient between the
spectral centroid and the cross-over frequency was r(11) = 0.26 (p = 0.44). There-
fore, the evidence does not support a correlation between the cross-over frequency and the
frequency of peak sickness (H.3a).

AVERAGE SICKNESS SENSITIVITY AND PERCEPTION

In line with earlier literature (Dai et al., 2003, 2007, 2010), motion sickness sensitiv-
ity may be correlated with perception parameters. To evaluate this, a mean SI was
computed by averaging across all frequency conditions available for each individual
participant.

The correlation coefficients between the mean SI and the velocity storage and
the subjective vertical time constants were r(18) = 0.31 (p = 0.21) and r(17) = 0.74 (p =
0.0006), respectively (the latter is shown in Figure 4.8c). For the cross-over frequency
this was r(14)= -0.54 (p = 0.047). Thus, our data provides evidence for a relationship
between individuals’ overall sickness sensitivity and their subjective vertical time constant
(H.3c).

4.5. DISCUSSION
For the first time, this study investigated individual frequency sensitivity of motion
sickness to fore-aft accelerations. Moreover, it analyzes the relationship between
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Fig. 4.8 (a) shows the spectral centroid against the velocity storage time constant. (b) shows the spectral
centroid against the subjective vertical time constant. (c) Mean sickness sensitivity against the subjective
vertical time constant

individual sensitivity to motion sickness and motion perception. Participants un-
derwent centrifugation and EVAR motions such that perception parameters could
be obtained. After this, each participant experienced sickening translational ac-
celerations of varying frequencies in the fore-aft direction. Sickness was quanti-
fied for each individual at five different frequencies using an aggregate metric ob-
tained using factor analysis. We then attempted to correlate the obtained individ-
ual frequency-sensitivity curves to the perception parameters of the participants. In
the following we discuss our findings in relation to the hypotheses and consider
methodological issues with quantifying motion sickness and perception.
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4.5.1. QUANTIFYING SICKNESS
Literature shows many ways of quantifying sickness: O’Hanlon and McCauley (1974)
use the motion sickness incidence (MSI), which is the proportion of experiment
participants that have vomited before the motion end point. In a similar manner,
Donohew and Griffin (2004) use the proportion of those that developed at least mild
nausea as a metric and Golding and Markey (1996); Golding and Stottt (1997) use
sickness ratings at motion end point, but also the time taken to reach a particular
sickness rating.

The choice of the scale to use is heavily dependent on the experimental design
and the aim of the experiment, with each choice presenting advantages and disad-
vantages. For instance, the MSI is an objective measure of sickness. However, it is
only feasible if one wishes to explore the end point of sickness. Using the proportion
of the sample to reach a certain level of sickness is good for summarizing group-level
sensitivity, but cannot capture individual responses. Moreover, it is only a good mea-
sure if a large number of people do reach a certain level of sickness, which is also
the case for "time to" measures of sickness sensitivity. In our study only 7 out of 23
unique individuals reached mild nausea, i.e., about a third, compared to over half
in the most sickening conditions of Donohew and Griffin (2004). This means that
in our experiment not enough people got sufficiently sick for the differences in the
percentages to be a meaningful measure. Time-to-sickness rating measures suffer
from a similar need of having a large proportion of participants reaching a certain
level of sickness. For those participants that do not reach the sickness threshold, the
maximum experiment time is set artificially as the time to sickness. This operation
distorts the data. Moreover, with the aim of measuring individual frequency sensi-
tivity, there is no way of ensuring an individual will get to the same level of sickness
within the available period of time across the frequency spectrum. In an attempt
to overcome the limitations of individual metrics, this study uniquely used a joint
Sickness Index (SI). The novelty is that the SI is a combination of the MISC, which is
a generalized uni-dimensional sickness score that can be obtained quickly and reg-
ularly, with parts of the MSAQ, which is more elaborate and can only be completed
after an experimental session. By combining these metrics, a more accurate repre-
sentation of the latent sickness construct may be obtained than when using either
metric in isolation.

4.5.2. GROUP SICKNESS SENSITIVITY
Looking at the group sensitivity in our study, we found no significant variation in the
SI between the frequency conditions studied, meaning a plateau in the group sensitivity to
sickness up to 0.5 Hz. This finding contrasts with our Hypothesis 1 and earlier liter-
ature: for example, Golding and Markey (1996); Golding and Stottt (1997) found no
significant difference in the sickness end point ratings from 0.205-0.5 Hz. However,
they did find a significant difference in the time-to-sickness rating within this range.
However, as discussed above, such a metric could not be sensibly computed for our
study. Golding overall argues for a slight decrease in motion sickness sensitivity of
-3 to -4 dB per octave from 0.2-0.4 Hz. This is in disagreement with Donohew and
Griffin (2004), who finds a very sharp decrease of -12 db per octave from 0.25-0.8 Hz.
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Therefore, the evidence combined over studies seems to indicate a small decrease
in group sensitivity from 0.4 Hz to 0.5 Hz, after which there is a sharper decrease.
The variability within these studies may be influenced by a large set of factors. One
of these is the sickness metric used. For instance, Donohew and Griffin (2004) nor-
malized the percentage reaching mild nausea with the root mean square (RMS) ac-
celeration of their platform, assuming a linear relationship between mild nausea and
RMS acceleration magnitude. Another cause can be the large scatter in individual
sensitivities. For instance, in Golding and Markey (1996) 8/12 participants reached
a sickness rating of 4 for the 0.5 Hz condition, whereas in Golding and Stottt (1997)
only 3/12 did so. This large individual variability is also supported directly by our
observations.

4.5.3. INDIVIDUAL SICKNESS SENSITIVITY

The present study is the first investigation of individual frequency sensitivity of mo-
tion sickness to fore-aft accelerations. We find that although the group sensitivity is
flat, individual sensitivities vary steeply, with some participants more susceptible to
low-frequency oscillations, and others more susceptible to mid- and high-frequency
accelerations. To test for individual variability in the frequency sensitivities, we com-
pared the fit of quadratic models to the fit of intercept-only models on the basis of
the AIC and BIC model fit scores. The AIC values supported the conclusion that
there is frequency sensitivity in motion sickness responses and that the peak sensi-
tivity varies between individuals, and this was confirmed using the likelihood-ratio
test (p 0.001). The BIC values supported a conclusion that there is individual vari-
ability, but only with respect to the overall sensitivity; using this score, there was no
evidence for frequency sensitivity. A reason for the disagreement between the BIC
and AIC scores is that the BIC is much more conservative. Here, the penalisation of
model complexity scales with the logarithm of the number of observations, which
for our case was 82. Moreover, a likely cause for the favorability of the intercept-only
model according to the BIC score is that some participants did not get sick (due to
the low acceleration amplitude) and so had a flatter frequency sensitivity. Likewise,
for some that did get sick, the range of frequencies we observed may not have been
large enough to measure the attenuation of their sickness sensitivity. Moreover, as
motion sickness is not experienced at very low (i.e ≤0.03 Hz, Donohew and Grif-
fin (2004)) or high (i.e., ≥ 0.5 Hz frequencies, Donohew and Griffin (2004); Cheung
and Nakashima (2006)), the BIC favored intercept-only model will not be tenable
when a larger frequency range is considered. Therefore, the AIC-favored Individual
Quadratic model is more credible, supporting that there are indeed differences in
the motion sickness frequency sensitivity of our participants. Literature (Miller and
Graybiel, 1969; Irmak et al., 2020) shows that individuals exhibit repeatable sick-
ness response when subject to the same motion stimuli over consecutive motion
trials, while our results show large individual variation, indicating an effect of fre-
quency sensitivity. Consequently, we accept the hypothesis that (H.2) The frequency-
dependent sickness sensitivity varies across different individuals. This also means that in-
dividual sickness frequency sensitivities are not represented well by the group-level
frequency sensitivity.
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4.5.4. PERCEPTION AND SICKNESS
As summarised in the introduction, there have been several studies linking motion
perception parameters to motion sickness. However, to the authors’ knowledge,
none have taken the frequency-domain approach usually employed in engineering
disciplines to resolve the problem of how the two may be mechanistically related.
Based on our review of the literature, we hypothesized that motion sickness fre-
quency sensitivity may be related to three motion perception parameters: the veloc-
ity storage time constant, the subjective vertical time constant (from simple centrifu-
gation) and the cross-over frequency as per the MSOM.

The subjective vertical time constant that was computed was similar to values re-
ported in the literature (see Figure 4.5a). We note that the end value of the perceived
tilt angle with respect to the GIF could be different had the participants been facing
towards the centre of rotation. Here, the added utricular shear in the hyper-gravity
environment of the centrifuge would have caused an over-estimation of roll tilt and
a larger difference with the GIF (Clark et al., 2015). However, this is not likely to
affect the time dynamics. The velocity storage time constant was also similar to val-
ues reported in the literature (see Figure 4.5b). For the subjective angular velocity
perception we report plateauing of the perceived velocity for 11 participants. This
is in line with Bertolini et al. (2011a), who found the same plateau for 10 of their
participants and a faster decay for the remaining 6.

Overall, both the recorded tilt perception and angular velocity perception results
match previous literature findings and are therefore valid correlates of the internal
state estimates. Moreover, they display substantial variation between participants
(Figure B.1) indicating a positive perspective to explain individual motion sickness
sensitivity.

Our results showed that the subjective vertical time constant was negatively corre-
lated with peak sickness frequency whereas the cross-over frequency (H.3a) and the velocity
storage time constant were positively correlated (H.3b). However, the correlations were
weak, and did not reach statistical significance. It is possible that this was due to
a lack of statistical power. Due to the corona virus pandemic human-subject ex-
periments were restricted during the course of our study, which unfortunately led
to some missing frequencies in some of our participants. Despite the correlations
not reaching significance, we can argue their implications. For instance, the pos-
itive correlation between the cross-over frequency and the frequency sensitivity is
in line with the hypothesis that sickness occurs at the point of most perceptual am-
biguity. The subjective vertical time constant as determined from centrifugation is
inversely proportional to this cross-over frequency, which explains its negative cor-
relation with sickness sensitivity. Moreover, the range of cross-over frequencies ob-
tained from MSOM fits are within the range where we find maximum sickness to
occur. Although our findings do not provide irrefutable proof, they are consistent
with a relation between gravito-inertial ambiguity resolution and motion sickness
induced by translational accelerations.

A key finding is the (H.3c) strong correlation (r = 0.74) between an individual’s av-
erage motion sickness sensitivity and their subjective vertical time constant. To confirm
this wasn’t just due to the complex determination of the overall sickness using the
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mean SI we also computed the correlation between mean MISC and the subjective
vertical time constant, this was r(17) = 0.8 (p = 0.0001). To the authors’ knowledge,
such a correlation has not been reported in the literature. Literature does, however,
report on the importance of the velocity storage time constant as a marker for sen-
sitivity (Dai et al., 2003, 2007). In our experiment this correlation was not evident
(r = 0.32). The likely reason for this is the absence of any rotational stimuli in our
experimental paradigm that would contribute to sickness. In studies that did find
a correlation with the velocity storage time constant, rotational motions were used
to induce sickness, namely, the cross-coupled coriolis stimulation. Our results thus
suggest that for purely translational stimuli, the subjective vertical time constant is
a major determinant of sensitivity.

To summarize, the time constant of the subjective vertical is positively correlated
with the overall sickness sensitivity. It is also known from literature that the sub-
jective vertical time constant is determined by the frequency properties of gravito-
inertial ambiguity resolution (Laurens and Angelaki, 2011). Moreover, we know
from our study that individuals have substantial variance in their frequency sensi-
tivities. However, contrary to our initial expectation, we did not find a correlation
between the subjective vertical time constant and the frequency sensitivity of indi-
viduals that might explain this variance. Given what is known about the relevance
of the subjective vertical time to spatial orientation and, (as this study also finds) to
general sickness sensitivity, this is surprising. Hence, further investigations should
be devoted to the subjective vertical time constant and the cross-over frequency. One
way to do this is, just as Dai et al. (2003) had done for the velocity storage time con-
stant, is by studying the effect of motion sickness habituation on the subjective verti-
cal time constant. Another way is by explicitly attempting to measure the cross-over
frequency and comparing the sickness seen here with adjacent frequencies.

4.5.5. LIMITATIONS
The statistical analyses in this study provided limited support for conclusions on fre-
quency sensitivity. The reason for this is twofold. As discussed above, one part of the
issue is the choice of a statistical criterion (AIC vs BIC). Since there is no single true or
correct way to resolve this, we must rely on theoretical considerations (Dziak et al.,
2019). A second issue, which arguably affects any study on motion sickness, is that
there was only a limited number of observations available and that these observa-
tions are to some extent corrupted by noise, i.e., the signal-to-noise ratio. The range
of frequencies tested may not have been large enough to capture the peak sensitivity
for all individuals. The thresholding at 0.15 Hz means that the spectral centroid can
never be less than 0.15 Hz. This has important implications for the correlations be-
tween the spectral centroid and the self-motion parameters. Participants who were
sensitive to lower frequencies and likely had even lower spectral-centroids were bi-
ased towards higher values, therefore, potentially reducing the significance of the
correlation we found between the spectral centroid and the self-motion parameters.

The choice of frequencies was a compromise between, on the one hand, the range
of frequencies where motion sickness may peak according to the literature and the
minimum amplitude required to induce sickness, and on the other hand the limi-
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tations of the simulator. To increase the signal-to-noise ratio as well as reduce bias,
future studies may test a broader range of frequencies and/or increase the motion
amplitude.

Statistical power can be enhanced increasing the number of repetitions. How-
ever, this presents logistical and dropout related difficulties associated with getting
the same participant to become sick on a weekly basis for multiple months. To illus-
trate, in the present experiment, it took more than a month of continuous testing to
obtain a single data point for five frequencies for a sample of 23 participants. Each
of these participants was required to return to the experimental facility six times (in-
cluding the experimental session for collection of perception data). Simply collecting
one additional repetition for each experimental condition requires nearly twice that
amount of time for data collection and the number of visits for each participant.

In future studies, it may also be possible to increase the signal-to-noise ratio by
collecting and merging different kinds of data. In the present study, we did this by
combining the MISC and MSAQ data into a Sickness Index. Similarly, we recorded
eye-movements with the intent to combine this data with the perception data to
improve the state-estimation, but these recordings unfortunately were not of suffi-
cient quality for further analysis. Finally, the cross-over frequency was not directly
measured but inferred from the MSOM. There may be inaccuracies introduced by
fitting the model; measuring the cross-over frequency directly by adopting a differ-
ent experimental paradigm may also contribute to our understanding of its relation
to motion sickness.

This study was designed to relate motion sickness to motion perception and
did not investigate postural instability (Riccio and Stoffregen, 1991). Future studies
could in particular relate the subjective vertical time constant to postural stabilisa-
tion through experiments and models of sensory integration, postural stabilisation
and motion sickness development.

4.6. CONCLUSION
This study investigated individual frequency sensitivity of motion sickness to fore-
aft accelerations and its relationship to individual parameters of motion perception.
We found that at a group level, sickness sensitivity was frequency invariant from
0.15-0.5 Hz. Importantly we found support for differing frequency sensitivity to
motion sickness between individuals, with some being susceptible to low-frequency
motions, others to intermediate and others to high-frequency accelerations. There-
fore, group sensitivity does not represent individual sensitivities. We observed no
significant correlations between the velocity storage time constant, the subjective
vertical time constant and cross-over frequency and motion sickness frequency sen-
sitivity. This may be due to the limited number of observations. The direction of the
effects, however, does support the notion that the cross-over frequency, which is the
point of maximum perceptual ambiguity between acceleration and gravity percep-
tion, is indicative of the frequency at which the sickness response has its maximum.
Moreover, we observed a strong correlation (r = 0.74) between the subjective ver-
tical time constant and overall sickness sensitivity. This may be indicative of the
importance of verticality perception to sickness development during exposure to
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translational sickness stimuli.
These findings are of particular significance to motion sickness modelling and in-

dicate that aetiologically valid models should fit individual, rather than group-level,
frequency sensitivities. Additionally, our results indicate that future models should
take into account the apparent relationship between the subjective vertical time con-
stant and the overall motion sickness sensitivity. Lastly, the results are of particular
significance to the automotive community, as they highlight the individual nature of
motion sickness and the need for caution when using group sickness sensitivities to
tune vehicle controllers for the reduction of motion sickness.
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5.1. ABSTRACT
The human motion perception system has long been linked to motion sickness through state
estimation conflict terms. However, to date, the extent to which available perception models
are able to predict motion sickness, or which of the employed perceptual mechanisms are of
most relevance to sickness prediction, has not been studied. In this study, the Subjective
Vertical model, the Multi-Sensory Observer model and the probabilistic Particle Filter model
were all validated for their ability to predict motion perception and sickness, across a large set
of motion paradigms of varying complexity from literature. It was found that even though
the models provided a good match for the perception paradigms studied, they could not be
made to capture the full range of motion sickness observations. The resolution of the gravito-
inertial ambiguity has been identified to require further attention, as key model parameters
selected to match perception data did not optimally match motion sickness data. Two addi-
tional mechanisms that may enable better future predictive models of sickness have, however,
been identified. Firstly, active estimation of the magnitude of gravity appears to be instru-
mental for predicting motion sickness induced by vertical accelerations. Secondly, the model
analysis showed that the influence of the semicircular canals on the somatogravic effect may
explain the differences in the dynamics observed for motion sickness induced by vertical and
horizontal plane accelerations.

5.2. INTRODUCTION
Motion sickness is a syndrome whereby aggravating body motions trigger auto-
nomic symptoms such as salivating, dizziness, headaches, panting, hot/cold flushes,
stomach awareness, nausea and vomiting (Bertolini and Straumann, 2016; Bos et al.,
2005). Chronic exposure to sickening motions may lead to the sopite syndrome,
which is associated with lethargy, fatigue and drowsiness (Matsangas and Mccauley,
2014). The exact mechanisms of motion sickness and its time evolution are still
poorly understood. Many experimental motion paradigms are, however, known
to illicit sickness and sickness is encountered in common modes of transport. Sick-
ness dynamics can be very different from paradigm to paradigm. For instance, hu-
mans seem to have a wide band-pass sickness sensitivity to pure lateral acceleration,
achieving maximum sickness over a frequency band from 0.03-0.3 Hz (Donohew and
Griffin, 2004). For pure vertical acceleration, the sensitivity is narrower, peaking at a
distinct centre frequency of approximately 0.2 Hz (O’Hanlon and McCauley, 1974).
Moreover, while translational accelerations may lead to sickness in minutes, Earth-
vertical yaw rotation (which on its own is not sickening) when coupled with roll
leads to vomiting within tens of seconds. Sickness thus exhibits a complex depen-
dency on the frequency, amplitude and direction of motion stimuli.

Reason (1978) argued that sickness was due to sensory conflict. This conflict is
the difference between sensed sensory signals and the sensory signals predicted by
the brain. The predictions originate from an internal model, which takes the form
of a neural store. The neural store can be interpreted as a memory for concurrent
patterns of efferent signals (e.g. motor commands) and re-afferent signals (i.e. sen-
sory signals) (Held, 1961). Oman (1982) likened this conceptual model to the manner
by which a Luenberger Observer (LO) operates. The LO uses an internal model of
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the system (body) and sensor dynamics to estimate the state of the system. 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 (esti-
mated) by using sensory information together with an internal model of the system
itself. These estimated states are then used for task planning and execution. To quan-
tify estimation accuracy, the central state estimates are passed through the internal
model of sensory dynamics and compared with the actual sensory signals. The re-
sulting error is the estimation error, or the sensory-expectancy conflict. This conflict
is used to drive the state estimation towards the true state, and to adapt the parame-
ters of the internal model, such that they make better predictions. It is hypothesized
that the conflict accumulates over time in a process that resembles leaky integration,
resulting in motion sickness.

A more specific example of this general principle was used in Merfeld et al. (1993)
to model the phenomenon of velocity storage. When subject to constant velocity
earth vertical yaw rotations, the rate of neural spikes originating from the hair cells
of the semicircular canals decay toward baseline in 4-5 s. This is because, due to
viscous forces, the relative velocity between the endolymph fluid and the hair cells
is a transient phenomenon. Velocity storage is the apparent extension in the time
constants of angular velocity perception and the angular vestibular-ocular reflex,
compared to the raw semicircular canal signal. In Merfeld et al. (1993) it was hy-
pothesized that the velocity storage manifested itself due to the actions of the central
nervous system (CNS) similar to the LO shown in Figure 5.1.

τs
τs+1

Kωc

τis
τis+1

-

+

ω⃗h
ω⃗hs

c⃗ω

⃗̂ωh

⃗̂ωhs

Fig. 5.1 The hypothesised mechanism of velocity storage. The real angular velocity of the head ω⃗h is
measured by the semicircular canals. This measurement is imperfect and results in the high-pass filtering
of the head angular velocity into ω⃗hs. This is compared with the output of the internally predicted semi-
circular canal output, ⃗̂ωhs. The difference between the two is the conflict and is passed through the gain
Kωc to give an estimate of the real head angular velocity, ⃗̂ωh.

Here, the semicircular canals sense the head angular velocity ωh with first-order
high-pass dynamics with a time constant of approximately 4-5 s (Merfeld et al.,
1999), resulting in ωhs. The CNS wishes to observe the real head angular veloc-
ity. For this, it compares the output of the internal model, which is the expected
sensed head angular velocity ω̂hs, with the actual sensed head angular velocity ωhs.
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It uses the conflict between the two to drive the observed angular velocity ω̂h, until
the actual sensed and internally estimated velocities match.

In a Spatial Orientation Model (SOM), which Figure 5.1 shown above is an exam-
ple of, the concept of the LO is generally simplified to consider only the sensors and
their internal representations; disregarding internal models of the body. The main
purpose of these models is to develop an understanding of the systems governing
motion perception and reflexive actions in humans. Here, for example, motion per-
ception may be measured by asking for participant reports of their subjective verti-
cal, or their angular velocity by turning a hand dial (Bertolini et al., 2011b; Correia
Gracio et al., 2013; de Winkel et al., 2018). Reflexive actions may be measured by
electro-oculography for eye movements and IMUs for posture. As such, SOMs have
seen use in a wide range of contexts: from studying how erroneous motion percep-
tion may lead to air traffic accidents (Newman et al., 2012; Borah et al., 1988), to the
underlying causes of vestibular disorders and courses of diagnosis and treatment
(Holly and Harmon, 2013).

The SOM framework (as shown in Figure 5.1) naturally results in conflict terms.
Although there are qualitative differences between motion perception and reflexive
actions, motion sickness per se appears to be mainly related to low-frequency move-
ments, where perception and action are often in agreement (Merfeld et al., 2005b).
Moreover, Merfeld et al. (2005c) find that perception is best modelled by the inter-
nal model framework. This framework has also been the basis of various motion
sickness models. For instance, Zupan et al. (1994) and Denise (1993) extended their
perception and action sensory weighting model (SWM) to predict motion sickness
experienced during OVAR. Here the conflict was generated between the central state
estimate and a coherence copy of the head angular velocity, which is the same signal,
but computed from other centrally coded variables (for example, the primary or-
gans measuring head angular velocity are the semicircular canals, but head rotation
with respect to the gravity vector may also be computed from otolith information).
Likewise, Bos and Bles (1998) independently extended their SOM to predict the fre-
quency response of sickness to vertical translational accelerations (VTA). Unlike the
SWM, this model hypothesised that the only conflict of importance was the con-
flict between the sensed vertical and the estimated vertical, and was thus named the
Subjective Vertical Model (SVM). Predictions made by this model provided an accu-
rate match to empirical sickness data collected by O’Hanlon and McCauley (1974),
and has recently been extended to model the effect of learning exogenous motion
dynamics on motion sickness development (Wada, 2021).

Although SOMs all have the purpose of enhancing our understanding of the sys-
tems governing motion perception and reflexive actions, the proposed models have
very different structures. Most models focus on vestibular-only perception, reflect-
ing darkness or eyes-closed conditions or conditions where visual motion perception
is less relevant. Likewise, this paper focuses on vestibular-only perception. Here,
structural differences between SOMs are mainly related to the various mechanisms
employed to perform gravito-inertial ambiguity resolution. This ambiguity resolu-
tion is necessary because the otoliths do not report inertial acceleration separately
from gravity acceleration. Instead, due to Einstein’s equivalence principle, these are
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reported in the form of a combined vector named the gravito-inertial acceleration or
specific force. For appropriate actuation of effectors, this combined vector must be
decomposed into acceleration and gravity.

For instance, the SVM performs gravito-inertial ambiguity resolution by first
pre-filtering the input gravito-inertial acceleration. The low-pass filter output is
the sensed gravity and the high-pass filter output is the sensed acceleration; this
is known as frequency segregation. Other models do not include such an explicit
frequency segregation. Such differences lead to different conflict dynamics, and to
different sickness predictions.

In the present study, we aim to identify pathways and underlying dynamics that
predict motion sickness. To do so, we compare structurally different vestibular-only
SOMs, taking into consideration the accumulated body of motion perception and
motion sickness data. The work will not be limited to specific conflicts or degrees
of freedom, but will explore the relationship between the conflict magnitude of the
different sensory channels in various well-known motion paradigms. Ultimately,
this study should contribute to models that can serve to prevent motion sickness
when used to design technology. This is particularly relevant in the context of self-
driving car sickness (Salter et al., 2019; Diels and Bos, 2016).

We will compare three structurally distinct SOMs: the Subjective Vertical Model
(SVM) (Bles et al., 1998; Bos and Bles, 1998, 2002b) where the final model implemen-
tation is based on Kamiji et al. (2007), the Multi-Sensory Observer Model (MSOM)
(Newman, 2009) and the Particle Filter Model (PFM) (Laurens and Droulez, 2007,
2008). The choice of these models is motivated by a number of considerations. The
SVM has been used extensively as the basis of a number of motion sickness studies
in ships and cars (Kamiji et al., 2007; Wada et al., 2015; Turan et al., 2009; Khalid
et al., 2011a; Wada, 2021). The MSOM model was developed principally to evalu-
ate disorientation in the context of aircraft operation (Newman et al., 2012; Kravets
et al., 2021). The choice of the PFM is aimed at including probabilistic modelling
to study motion perception and sickness. The particle filter is an optimal estima-
tor used for highly non-linear state estimation without the assumption of Gaussian
noise. This is contrary to the other two methods. Filtering performance may yield
novel insights, particularly for highly non-linear motions experienced during, for
instance, the cross-coupled coriolis motion paradigm. Overall, comparing model
performance allows for the identification of responsible mechanisms.

It should be noted that there are other models, such as the previously mentioned
SWM. However, the key mechanisms within these models overlap with the chosen
three. Inclusion of these models would therefore increase the volume of work, but is
unlikely to provide additional insights. Where possible, we linearised the SOMs and
performed an analytical evaluation of their conflict dynamics. We then performed
simulations of the full model responses to various well-known perception and sick-
ness motion paradigms. In this chapter, the models were tuned independently to
fit both the sickness and the perception data available in the literature. The models,
along with the two tunings, were then validated against a second sickness dataset
using a range of data from the literature (Dai et al., 2003; Howarth and Griffin, 2003;
Donohew and Griffin, 2004; O’Hanlon and McCauley, 1974; Bijveld et al., 2008; Cian
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et al., 2011).

5.3. MODELS & METHODS
In this chapter, we followed a three-step methodology:

1. We linearised the models and performed an analytical analysis of the sensory-
expectancy conflict terms. This was done for translational acceleration inputs.

2. Model parameters were tuned to literature datasets for both motion perception
and sickness. This allowed us to further quantify the validity of the models and
evaluate the relationship between perception and motion sickness.

3. Numerical simulations were then run using the full models, for both the sim-
ple motion input cases and the more complex input cases. The simulated sen-
sory conflicts were then fed through a motion sickness accumulation model.
The sickness predictions resulting from this were compared with experimen-
tal sickness observations from a validation dataset.

5.3.1. MODELS
We selected three structurally distinct SOMs as a representative sample of the vari-
ety of models available in the literature. These models are the SVM, the MSOM, and
the PFM. The vestibular inputs to the models are head gravito-inertial force ( f⃗h) and
head angular velocity (ω⃗h). Head gravito-inertial force is measured by the otolith
vestibular organ and is a sum of the inertial force and gravity. Head angular veloc-
ity is measured by the semicircular canals. The inputs are all in the head frame of
reference. The model outputs are estimates of: head referenced gravity (⃗ĝh), head
referenced translational acceleration (⃗âh), head referenced velocity (⃗v̂h), head refer-

enced angular velocity (⃗̂ωh) and an estimate of the orientation (⃗θ̂) of the head with
respect to earth. All models assume passive motion. Body dynamics and self-motion
control inputs are not considered.

The vestibular inputs required for the numerical simulations are computed by
modelling a hypothetical motion simulator used to generate the motions (e.g. OVAR)
as a kinematic chain. Here, a three-joint system is formulated using standard Denavit-
Hartenberg notation and the experienced motions are computed in a feed-forward
manner. The motion implementation is documented in detail in Appendix C.1. All
motion paradigms are simulated in darkness, using the vestibular-only models. All
simulations were run with a time step of 0.01 s using the Runge-Kutta method for
the MSOM and SVM, and the Euler-method for the PFM. The computational time re-
quirements were much larger for the PFM, which was simulated with 800 particles.
In the following, we describe each model in detail.

SUBJECTIVE VERTICAL MODEL (SVM)
The SVM, shown in Figure 5.2, is composed of three main parts: A the sensing mod-
ule, B the feedback gain module and C the internal model module. The head refer-
enced gravito-inertial force and angular velocity is input through A to create sensed
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gravity, acceleration and angular velocity. To do this it is assumed that the central
nervous system first conducts preprocessing in the form of frequency segregation
on the gravito-inertial force, by high- and low-pass filtering it into accelerations and
gravity components, respectively. The sensed gravity from this operation is then
summed with the change in the orientation of the gravity vector as sensed by the
semicircular canals. Both operations can be expressed with the so-called Mayne
equation (Mayne, 1974):

d⃗̂ghs
dt

=
1

τlp
( f⃗h − ⃗̂ghs)− ω⃗hs × ⃗̂ghs (5.1)

Here, ⃗̂ghs is the sensed estimated gravity vector, τlp is the time constant of the
low-pass filter and ω⃗hs is the head angular velocity sensed by the semicircular canals.

The sensed states of acceleration, gravity and head angular velocity are then com-
pared to the internal estimates of these states. The difference between the sensed and
the internal state estimates is called the sensory conflict. The sensory conflict terms
are given as: angular velocity conflict c⃗ω, gravity conflict c⃗g and acceleration conflict
c⃗a. The conflicts are then fed back into the internal model via the gain module B.

In the feedback gain module, the gravity and acceleration conflicts are passed
through the integral gains, Kgc

s and Kac
s , while the angular velocity conflict is passed

through a proportional gain, Kωc. These outputs are summed to create the estimated
gravito-inertial force. This is passed to the internal model module C, which has
the same structure as the sensing module A. The human perceives and reports the
subsequent estimates, ⃗̂gh, ⃗̂ah and ⃗̂ωh during perception investigations. The purpose
of the internal model C is to track the sensed quantities. Bos and Bles (1998) argue
that it is the error in the tracking, which is caused by a frequency-dependent phase
lag, that leads to sickness.

For translational acceleration inputs, the conflict terms of the model shown in
Figure 5.2 are derived in Appendix C.3. This results in the following transfer func-
tions:

c⃗g(s)

f⃗h(s)
=

s
τlps2 + (1 + Kaτlp)s + Kg

(5.2)

c⃗a(s)
f⃗h(s)

=
s2τlp

τlps2 + (1 + Kaτlp)s + Kg
(5.3)

In equation 5.3 the acceleration conflict c⃗a has high-pass dynamics. As stated in
the Section 5.2, sickness due to horizontal accelerations has band-pass behaviour.
Therefore, c⃗a is inappropriate for sickness modelling. The gravity conflict c⃗g has the
desired band-pass dynamics. As seen in equations 5.2 and 5.3, the semicircular canal
dynamics do not influence the conflicts due to perceived horizontal and vertical ac-
celerations. This also means that the only way to create a difference in the dynamics
of the sickness response between vertical and horizontal accelerations is by having
a different set of values for the parameters τlp, Kg and Ka for the different motion
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directions. Note that due to a lack of a coupling between acceleration input and an-
gular velocity perception, an angular velocity conflict is absent without a rotational
input ωh in the SVM.
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Fig. 5.2 The Subjective Vertical model. It is parameterized by: Kac is the acceleration feedback gain into
the internal model in the form of an integral feedback Kac

s , Kgc is the gravity feedback gain into the inter-
nal model in the form of an integral feedback Kac

s , Kωc is the angular velocity conflict feedback gain into
the internal model in the form of a proportional feedback SSC and SSC are first-order high-pass filters
representing sensor dynamics of the semicircular canals, LP and LP are first-order low-pass filters cap-
turing gravity estimation according to the Mayne equation.

MULTI-SENSORY OBSERVER MODEL
The MSOM (Figure 5.3) functions as a classical observer model, whereby the sen-
sory afferent signals are directly used by the internal model, which contains an in-
ternal representation of sensor dynamics coupled to the physical relationships be-
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tween different states. It has a more integrated structure than the SVM and cannot
be easily segmented into different modules. Here, the inputs to the model are the
gravito-inertial force f⃗h and the head angular velocity ω⃗h, both in the head frame of
reference. These inputs are measured by otoliths (OTO) and the semicircular canals
(SSC), respectively, to produce afferent sensory signals. These sensory signals are

compared to an internally expected gravito-inertial force ⃗̂fh and angular velocity ⃗̂ωh.
These lead to the otolith magnitude and angular velocity sensory conflict terms, c⃗o
and c⃗ω. The angular velocity conflict is multiplied by a gain Kω and then added to
the angular velocity calculated from the otoliths to create the estimated head angular

velocity ⃗̂ωh. This angular velocity is multiplied by a gain K1 (where K1 =
Kω f +1

Kω
) and

added again to the head angular velocity estimated from the otoliths. This is then
used to rotate the gravity vector toward the internally expected angular position of
the head. In this, as it has implications for model dynamics, it is important to note
(as discussed below) that the magnitude of the estimated gravity ⃗̂gh is always −9.81
ms-2. Only the vector components of this estimation change when rotated by angu-
lar signals from the otolith and the semicircular canal path. The newly computed
gravity is summed with the acceleration estimate to create the internally expected

gravito-inertial force ⃗̂fh. The angular signal from the otoliths is derived by com-
puting the angular difference between the expected and the sensed gravito-inertial
force. This is the third sensory conflict, called otolith angle conflict, c⃗oa. This is ob-

tained by taking the cross-product of f⃗h and ⃗̂fh.
In the MSOM, the estimated gravity vector only changes due to a rotation signal

from the otolith angle conflict or the semicircular canals. Unlike the SVM, the mag-
nitude of the estimated gravity ĝh is always assumed to be constant of −9.81 ms-2.
This causes important differences in the dynamics of the MSOM compared to the dy-
namics of the SVM. For instance, for vertical acceleration inputs there is no rotation
signal, so the estimated gravity remains constant and the remaining gravito-inertial
force is attributed to acceleration. Therefore, the only conflict that occurs during ver-
tical acceleration is the otolith magnitude conflict, for which the frequency response
takes the form:

coz(jω)

fhz(jω)
=

1
1 − Ka

(5.4)

Irrespective of the value of Ka, equation 5.4 shows that the conflict response will
be independent of acceleration frequency. As stated in Section 5.2 vertical sickness
sensitivity in humans is narrow band-pass, with a centre frequency of approximately
0.2 Hz. Therefore, this is inappropriate for sickness prediction. One can change the
gain Ka to integral or differential, which will result in high-pass or low-pass dynam-
ics, respectively, but this would not resolve the fundamental issue. Even though
more complex feedback gain combinations may be employed to correct this, any
changes in the conflict dynamics would also change the dynamics of the accelera-
tion estimate from high-pass to a more complex frequency response, due to

âhz(jω) = Kacoz(jω) . (5.5)
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Fig. 5.3 The Multisensory Ob-
server model. It is param-
eterized by: Ka, which mul-
tiplies the otolith magnitude
conflict to create the internally
estimated acceleration ⃗̂ah, K f ,
which multiplies the otolith an-
gle conflict to create the angular
velocity computed from the an-
gular difference between the in-
ternally estimated and sensed

gravito-inertial force ⃗̂fh and f⃗h,
K f ω , which has the same func-
tion but instead of being used
to compute a new gravity esti-
mate it is summed to create an
internal estimate of angular ve-
locity ⃗̂ωh, and Kω , which mul-
tiplies the angular velocity con-
flict. The subsequent signal is
summed with the estimate of
angular velocity coming from
K f ω . SSC and SSC are first-
order high-pass filters denoting
the semicircular canals and the
internal model of the semicir-
cular canals, respectively, and
lastly, OTO and OTO are unit
transfer functions denoting the
otoliths and the internal model
of the otoliths, respectively

Experiments thus far have not, however, shown such complex acceleration per-
ception responses (Merfeld et al., 2005b). For lateral acceleration inputs, if one as-
sumes no cross-talk between otolith computed angle and the integrated semicircular
canal output by setting K f ω to zero (as derived in Appendix C.4), the frequency re-
sponse of the conflict terms take the form:

coy(s)
fhy(s)

=
s

s(1 − Ka) + K f
(5.6)

coay(s)
fhy(s)

=− coy

|g| (5.7)

In equation 5.6 it can be seen that indeed the otolith magnitude error response is
high-pass. Likewise, the otolith angle error is just a factor of gz smaller in magnitude.
Just as for vertical inputs, the gains can be set in such a way that the resulting conflict
frequency response approximates the observed lateral sickness response. However,
doing so will also affect the high-pass dynamics of the acceleration estimate.
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PARTICLE FILTER MODEL
As shown in Figure 5.4, the PFM works on a distinctly different principle than the
SVM and MSOM. It is composed of two major parts: the forward propagation, which
consists of the prior distribution and the likelihood weighting and the subsequent
re-sampling, which determines the final posterior distribution. The posterior distri-
bution is propagated solely from the semicircular canal signal. Using the notation
used by Laurens and Droulez (2007), for any given particle, i Gaussian noise wi

t is
added to the average sensed canal signal (at the previous time step) V⃗t−1 creating C⃗i

t.
From this the angular velocity of the particle, Ωi

t is computed by directly inverting
the canal equation:

ωi
t = ωi

t−1 − T−1
can

C⃗i
tδt
Tc

− T−1
can(C⃗

i
t − C⃗i

t−1) (5.8)

This angular velocity integrated over time gives the rotation of the particle i from
time t − 1 to t: R(Ωi

tδt). This, when multiplied with particle orientation from t = 0
to t − 1 gives the orientation of each particle at t specified by Θi

t. This is the particle-
to-earth transformation matrix, from which the earth referenced acceleration A⃗i

t can
be computed. Note that the magnitude of gravity |G| (Figure 5.4) is earth referenced
and assumed, just like in the MSOM, to be constant at −9.81 ms-2. Collecting all
the states gives the prior distribution. Each particle is then weighted with respect
to the state transition probabilities. The assumption is that the brain assigns the
greatest probability to stationary states. Thus, the particles that are closest to zero
acceleration and angular velocity are weighted the highest. This weighing factor
is given by P(A⃗t)P(Ωt), which is defined to have a Gaussian distribution. Thus,
the further down the tails of the distribution the particle acceleration or angular
velocity is, the lower its weight. After the weighing, the particles are sampled with
a probability proportional to their weight.

ω

ω

ω

ω
ω

ω

ω

ω

Fig. 5.4 The Particle Filter model. It is parameterized by: the weighting factor wi
t given by a multiplication

of Gaussian priors (of mean zero and variance σA and σω) on the inertial acceleration P(A⃗t) and angular
velocity P(ωt), the head-to-canal transformation matrix T−1

can, the integration time step δt and the canal
time constant Tc

For the PFM, no conflict terms are explicitly present, but an angular velocity con-
flict can be calculated in the form

c⃗ω(t) = SSC(ω⃗h(t))− SSC(⃗̂ωh(t)) (5.9)
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Here SSC is the function giving the output of the semicircular canals, ω⃗h is the an-
gular velocity of the head and ⃗̂ωh is the internally estimated angular velocity of the
head. There are, however, no otolith or acceleration/gravity conflict terms. This is
because inverting the otolith equation to estimate acceleration and gravity requires
the sensed gravito-inertial force. Summing the gravity estimate and acceleration es-
timate gives back the same sensed gravito-inertial force, meaning an otolith conflict
cannot be calculated for the PFM.

5.3.2. MOTION SICKNESS ACCUMULATION MODEL
An example of how the conflict terms are mapped to the accumulation of a sickness
metric is given for the SVM (Bos and Bles, 1998). Here, the gravity conflict, c⃗g is
taken, and its magnitude is computed and scaled according to a Hill function of the
form

h =
(|⃗cg|/b)n

1 + (|⃗cg|/b)n (5.10)

where h is the scaled conflict and n and b are the parameters of the chosen Hill
function. After this scaling, a second-order system of the form

MSI =
P

(µs + 1)2 h (5.11)

integrates the conflict over time to predict motion sickness incidence (MSI), which is
the percentage of people that have vomited from time zero to time current. Where
P and µ are the parameters dictating how the conflict is accumulated. Thus, the
SVM includes four additional parameters (b, n, P and µ) to describe motion sickness
accumulation.

Khalid et al. (2011a) tried to extend the SVM to describe horizontal motion sick-
ness. Here they note that the subjective horizontal conflict is like a high-pass filter
”which should be adjusted (by low-pass filtering) before being translated into the MSI”.
However, with such a filter, any experimentally observed frequency dependency of
motion sickness susceptibility could be matched, reducing model uniqueness. This
would also mean the need for at least two extra parameters to obtain band-pass
characteristics, and these would not have any physiological basis.

Therefore, in the current study, the absolute value of each conflict term is com-
puted. The consequent terms are then scaled and integrated over time. These two
operations do influence the predicted sickness frequency response. However, they
are applied to the absolute value of the conflict signal, which has most of its power
in its DC bias term (0 Hz), as shown in the Appendix C.2. Such operations therefore
have a negligible effect on the frequency response characteristics within the range of
frequencies where sickness is observed.

Because the rest of our analysis will evaluate multiple motion paradigms, it is of
greater utility to use a simpler system that does not have the free parameters used in
Bos and Bles (1998) for sickness accumulation. A simple integrator on the absolute
conflict is sufficient. Each conflict term likely has a different importance weighting
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Wi for motion sickness. This weighting is found by optimizing the sickness predic-
tions compared to measured sickness data. This means the sickness proxy, MS, used
for this study is defined as

MS =
∫ t

0
W⃗ · |⃗c(t)|dt , (5.12)

This MS is different but correlated to MSI, which was explicitly fitted to vomiting.
Here, |⃗c(t)| is a vector whose elements are the magnitude of individual conflict types
(i.e., angular velocity conflict and gravity conflict). For a given conflict type this mag-
nitude is computed by assuming unit weight for all the components of this vector,
i.e., the first element of |⃗c(t)| is√

c2
gx + c2

gy + c2
gz.

Lastly, the current study utilises all available internal conflict terms. For the SVM
these are the gravity conflict c⃗g, acceleration conflict c⃗a and angular velocity conflict
c⃗ω. For the MSOM these are the magnitude of the conflict between the otolith signal
and predicted otolith signal c⃗o, angular velocity conflict c⃗ω, and otolith signal orien-
tation and predicted signal orientation c⃗oa. For the PFM, this is the angular velocity
conflict c⃗ω(t).

5.3.3. MODEL TUNING
In this chapter, the time-domain perception predictions of the models are first given
for the parameter values reported in the literature where these, so called "untuned"
parameters are based on Bos and Bles (2002a), Bos and Bles (1998) and Kamiji et al.
(2007) for the SVM, Newman (2009) for the MSOM and Laurens and Droulez (2007),
Laurens and Droulez (2008) for the PFM.

We then tuned the models to a number of data sets on empirical observations on
motion perception and on motion sickness. Under the SOM framework, there is a
coupling of perception and motion sickness dynamics. Therefore, a perception tuning
is important for comparing structural, rather than parameter dependent differences
between the models. The additional sickness tuning allows for the evaluation of how
closely the models can fit experimentally observed sickness data, independent of
perception. Evaluating both perception-tuned and sickness-tuned results together
helps identify whether the SOM framework is effective for explaining motion sick-
ness.

PERCEPTION TUNING
Models were fitted to perception data for centrifugation, earth vertical axis rota-
tion (EVAR) and off vertical axis rotation (OVAR). Data for centrifugation were ob-
tained for eccentric rotations at 36◦s-1 and 60◦s-1, associated with centripetal accel-
erations of 2.41 and 6.7 ms-2, respectively (Graybiel and Brown, 1951); 200◦s-1/12.2
ms-2 (Curthoys, 1996); and 250◦s-1/10.3 ms-2 (Merfeld et al., 2000). In these studies,
perceived orientations were measured by asking participants to report perceived
roll by adjusting a bar to be in line with either the subjective horizontal or the sub-
jective vertical. The angular displacement of the bar is a measure of the perceived
tilt. Data for EVAR and OVAR were obtained from Vingerhoets et al. (2005). Seated
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participants were tilted to {0,15,30}◦ relative to Earth-vertical. In the 0◦ and 30◦ tilt
conditions, participants were rotated at 30◦s-1; in the 15◦ tilt condition, participants
were rotated at {20,30,40,50}◦s-1. Participants were presented with a laser-projected
dot moving across a screen. Using a toggle switch, subjects indicated how the speed
of the dot had to be adjusted (faster or slower) in order for it to be perceived as
space fixed. Hence, the adjustment of the dot speed was a measure of the perceived
rotation velocity.

These conditions were simulated by feeding the corresponding motion signals to
the perception models. Centrifugation was simulated for a participant sitting Earth
vertically upright at a radius of 6.1 m, 1 m and 0.54 m from the centre of rotation.
EVAR was simulated by rotating an earth vertically upright participant about the
Earth vertical axis. OVAR was simulated tilting the participant off-vertical such that
the long axis of the body makes an angle with the Earth vertical and rotating the par-
ticipant about the long body axis. To ensure sufficient convergence, all simulations
were run for 200 s of simulated time.

The perception models were fitted to the data by minimizing the symmetric mean
absolute error (SMAE) between model and empirical data for time-domain signals
of rotation perception during EVAR, roll perception during centrifugation, as well as
translation and rotation perception during OVAR. In the process of optimizing the
model parameters to fit the perception data, the models were first tuned to match
an EVAR perception decay time constant of 18.7 s, as reported by Vingerhoets et al.
(2005). This time constant reflects the ’velocity storage’ mechanism, which is a neural
mechanism that extends the perception of rotational velocity to persist for a period
of time even when the semicircular canals have assumed a zero output during con-
stant velocity rotation. This time constant is thought to be of particular importance
to motion sickness because it correlates strongly with individual motion sickness
sensitivity (Dai et al., 2003, 2007; Young et al., 2003).

The EVAR paradigm was used for perception tuning because it is a pure rotation,
which allows a direct estimation of this time constant. The consequence of fixing the
EVAR time constant is that it reduces the dimensionality of the final optimization
and so allows faster and better convergence. After fitting the models to match this
time constant, the other internal model parameters were estimated.

The considered models are overparametrised, which causes many local minima
in parameter estimation. Therefore, Simulated Annealing (SA) was used to esti-
mate the global minimum. SA is a probabilistic technique used to approximate the
solution to global optimization problems (Henderson et al., 2006) such as the one
encountered here. Ten SA runs of 100 iterations were performed about the literature
referenced parameter values. Model parameters belonging to the 10th percentile for
lowest prediction error were identified. This resulted in up to 30 candidate parame-
ter sets.

Subsequently, k-means clustering was used to cluster the candidate points to
three regions. K-means was deemed appropriate, as parameter sets were grouped
closely to each other. The validity of the identified regions was then verified by
inspection. Local optimization using the interior-point algorithm was run on the
three centroids. This tuning ensured that the final parameters result in representa-
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tive modelling of perceptual phenomena across a wide domain.

SICKNESS TUNING

For the sickness tuning, the perception-tuned models were taken as the initial start-
ing point. The models were then further tuned to available motion sickness data
from literature. We used experimentally obtained frequency sensitivities for lateral
translational accelerations (LTA) (Donohew and Griffin, 2004) and VTA (O’Hanlon
and McCauley, 1974). These datasets are the only sickness paradigms with reliable
data that could be used for optimization. Fitting on frequency sensitivities to sick-
ness is common in motion sickness literature and has been done before for VTA and
LTA by Bos and Bles (1998) and Khalid et al. (2011a), respectively, to tune the SVM.

5.3.4. MODEL VALIDATION FOR SICKNESS
To judge the generalizability of the models, it is important for the validation dataset
to be independent of the fitting datasets. For this purpose the three models were val-
idated with respect to the predicted and experimentally observed motion sickness
magnitude across five frequently used motion paradigms in motion sickness: cross-
coupled coriolis perturbation (CCCP) (Dai et al., 2003), pure roll perturbation (PRP)
(Howarth and Griffin, 2003), LTA (Donohew and Griffin, 2004), VTA (O’Hanlon and
McCauley, 1974), and OVAR (Bijveld et al., 2008; Cian et al., 2011). Here, CCCP is
performed by rotating participants earth vertically whilst rolling them in discrete
steps about the naso-occipital axis. For CCCP, the waiting duration between each
head roll was 10 s and each head roll took 2 s to perform. For PRP, LTA and VTA,
the perturbation frequency was 0.2 Hz.

Unfortunately, there are no experiments that investigate motion sickness for all
these paradigms over the same duration and using the same sickness rating scale.
Therefore, the relative differences in sickness magnitude between these paradigms
had to be inferred. Fortunately, however, the associated experiments have all based
their rating system on motion sickness symptoms. Still, the termination points of
these experiments are not consistent. For instance, experiments on PRP may not
provoke nausea at all, or the number of participants that experience it may be too
small for a reliable sickness proxy. For this reason, a commonly shared point of
“mild symptoms with no nausea” is taken for this model comparison. The mean
duration to reach this rating is used to characterize sickness intensity. Experimen-
tal studies on motion sickness led by Griffin (Howarth and Griffin, 2003; Donohew
and Griffin, 2004) report a mean duration of 15 minutes for LTA and greater than 30
minutes for PRP. So, for the motion stimuli used by Griffin, LTA should be at least
twice as provocative as PRP. The relative magnitude of VTA compared to LTA is a
contentious topic. For example, unpublished observations by Mills and Griffin re-
ferred to in Donohew and Griffin (2004) report similar sickness ratings for both VTA
and LTA. Golding et al. (1995), however, maintains that the sickness response is ac-
tually coupled to posture. Horizontal perturbations, when the participant is earth
horizontal (lying down), are about half as provocative as vertical perturbations for
an earth vertical participant (upright). On the other hand, horizontal perturbations
for an upright participant are 2.5 to 1.8 times as provocative as upright vertical per-
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turbations (Golding et al., 1995). Current models do not account for this possible
posture dependency. Hence, in the present study, the tuned models were evaluated
for upright seating. OVAR experiments in the dark (Bijveld et al., 2008; Cian et al.,
2011) show that the duration for mean sickness to reach mild symptoms with no
nausea is 2.1 minutes. This is a factor of 7 smaller than that reported for LTA. Lastly,
for CCCP, there are no experiments which map the slow rise in sickness over time.
This is mostly because sickness induced by CCCP is intense and quick (Dai et al.,
2003). Investigators mainly focus on the number of head movements tolerated. In
most cases, participants reach mild symptoms after 10-20 head turns. Therefore, the
mean duration to reach mild symptoms with nausea can be said to be in the order
of tens of seconds and so CCCP is estimated to be 100 times as sickening as the LTA
paradigm used by Donohew and Griffin (2004). To summarise, the inferred relative
sickness magnitudes are: CCCP 1, OVAR 0.07, LTA 0.01, VTA 0.005-0.02, PRP 0.005.

For validation in the frequency-domain, the motion paradigms of LTA from Dono-
hew and Griffin (2004) and VTA from ISO 2631 (1997) were used, because these
are the only sickness paradigms with reliable frequency-domain data that provides
adequate information to perform an optimization. The frequency-domain data for
Donohew and Griffin (2004) is based on the proportion of participants developing
mild nausea when subject to horizontal accelerations for up to 30 minutes, whereas
for ISO 2631 (1997) it is based on the proportion of participants vomiting when sub-
ject to vertical accelerations for up to 2 hours. In the experiments from which the
data were obtained, the participants’ heads were not constrained, but as head mo-
tion measurements are not available, seat motion was used as input to the perception
models.

5.4. MODEL TUNING RESULTS
Following the procedure outlined in the Model Tuning section, the three models
were tuned to data from perception and sickness experiments. Tuning reduces the
parameter-dependent variability between the models, highlights the consequences
of the structural differences identified in the previous sections, and allows us to eval-
uate whether perception predictions are consistent with sickness predictions and
vice versa.

5.4.1. FIT TO EMPIRICAL PERCEPTION TIME-DOMAIN DATA
In the following, we evaluate how well models tuned to either perception time-
domain data or sickness frequency-sensitivity data predict empirical time-domain
perception data. The left column of Figure 5.5 shows how the models perform
using parameters reported in the literature; the centre and right columns, respec-
tively, show the tuning to aggregated perception and sickness datasets obtained in
the present study.

For EVAR (Figure 5.5a), the PFM and the SVM behave similarly: both converge
exponentially to zero. In agreement with experimental data, the perceived rotational
velocity fades in steady-state motion. The MSOM, however, eventually undershoots,
indicating perception of counter-rotation to the initial direction of motion. The un-
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dershoot here owes to the second-order nature of the semicircular canal dynam-
ics employed by the original paper (Newman, 2009). For the perception tuning,
the second-order semicircular dynamics used in Newman (2009) are simplified to
a first-order system. After tuning, the EVAR time constant is set to 18.7 s for all
the perception-tuned models (as shown in Figure 5.5b). The lower gain of the PFM
for EVAR is due to the canal noise required for the model to function (Figure 5.5b).
When the models are tuned to sickness (right column in Figure 5.5) it is seen that the
time constant for the MSOM increases to substantially above experimental observa-
tions. The time constant for the SVM is not adapted, because the velocity storage in
the SVM plays no role in sickness development due to lateral or vertical translational
accelerations.

The second row of Figure 5.5 shows roll perception for centrifugation in the dark.
The red line indicates the experimental observations by Merfeld et al. (2000). From
fitting an exponential model of the form Θx = A(1 − e−bt) to the perceived roll, the
time constant b is 26.3 s. Oscillations are observed at the beginning of the simulation
for the PFM in Figure 5.5d from t = 20 s until t = 80 s. These oscillations are due to the
time step used. A large time step means that the estimate of orientation is different
from the actual orientation, causing a misestimation of acceleration when the otolith
equation is inverted. This phenomenon is proportional to the angular velocity at the
point in time and the noise about this point in time. Therefore, under certain motion
conditions, the particle filter is underdamped. The MSOM was initially tuned to the
data from Graybiel and Brown (1951), for which the authors used a lower yaw rate
of 60 ◦s−1 than Merfeld’s yaw rate of 250 ◦s−1. This higher yaw velocity perturbs
the system such that the response overshoots and the estimation requires a longer
time to converge. After perception tuning (Figure 5.5e), the predicted roll percept
by the MSOM no longer has this overshoot. Likewise, the SVM also responds much
faster to the stimuli. Lastly, there is a decrease in the time constant of the PFM from
52 s to 27 s, which is closer to the experimentally observed value of 22 s (Merfeld
et al., 2000). It can be seen that tuning these results to sickness (Figure 5.5f) creates
responses that do not match the perceptual data. The MSOM now has a very large
time constant meaning slow convergence, likewise, SVM is slower also to converge
than before.
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The final modelled perceptual phenomenon is OVAR. The participant in this case
first has a sense of rotation, which transitions into a sense of translation around a
conic or cylindrical trajectory. Vingerhoets et al. (2005) evaluated motion percep-
tion for two components, rotation and translation. The untuned results for the two
components are shown in Figures 5.5g and 5.5j. In Figure 5.5g, the MSOM and the
PFM show a steady-state rotation bias. This rotation bias should create the percep-
tion of changing heading, which in experiments is only rarely observed (Wood et al.,
2007; Vingerhoets et al., 2005). With the perception tuning, as shown on Figure 5.5k,
this bias is removed for the MSOM. However, removing the bias is not feasible for
the PFM without compromising its centrifugation fits. For all models, the sickness
tuning (Figures 5.5l and 5.5i) yields a poorer match with the measured perception
results for OVAR.

Table 5.1 SVM parameters untuned, perception-tuned and sickness-tuned; untuned parameters are based
on Bos and Bles (2002a), Bos and Bles (1998) and Kamiji et al. (2007). MSOM parameters; untuned param-
eters are published in Newman (2009). PFM parameters; untuned parameters published in Laurens and
Droulez (2007) and Laurens and Droulez (2008).

SVM MSOM PFM
Untuned Percept Sick Untuned Percept Sick Untuned Percept Sick

τssc [s] 5.7 5.7 5.7 τssc [s] 5.7 5.7 5.7 τssc [s] 4 5.7 5.7
τlpxy [s] 5 1.23 15.0 Ka -4 -3.2 -7.2 σc [◦s−1] 10 10 10
τlpz [s] 5 1.23 5.13 K f 4 15.4 0.004 σa [ms−2] 5 0.5 1.5
Kacxy 1 0.005 1.2 K f ω 8 0 8.4 σΩ [◦s−1] 30 26 26
Kacz 1 0.005 0.78 Kω 8 2.28 11.2
Kgcxy 5 1.88 3.26 Kω f 1 1 1
Kgcz 5 1.88 5.88
Kωc 2.28 2.28 2.28

Table 5.2 Symmetric mean absolute error between the predicted and experimental perception results
shown for the untuned, perception-tuned and sickness-tuned models.

Models Motion Paradigm

EVAR OVAR Trans OVAR Rot Centrifugation
MSOM Untuned 0.634 0.215 0.471 0.282

MSOM Perception 0.088 0.210 0.324 0.069
MSOM Sickness 0.699 0.243 0.616 0.640
SVM Untuned 0.088 0.260 0.324 0.297

SVM Perception 0.088 0.237 0.324 0.094
SVM Sickness 0.088 0.333 0.324 0.474
PFM Untuned 0.615 0.303 0.441 0.320

PFM Perception 0.559 0.257 0.564 0.106
PFM Sickness 0.564 0.278 0.552 0.211

The perception and sickness-tuned, as well as the original untuned, parameter
values are listed in Table 5.1. Table 5.2 shows the overall goodness of fit for all tun-
ings. Here, the perception tuning procedure is overall successful in reducing the
error between the perception dataset and the model predictions. The most accurate
overall perception results are provided by the MSOM, whereas for centrifugation
the SVM is of greater accuracy. Sickness-tuned parameters performed poorer in per-
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ception than both perception-tuned and untuned, indicating that the models cannot
account accurately for both perception and sickness at the same time.

5.4.2. PERCEPTION FREQUENCY RESPONSES
To further illustrate between-model differences, the perception dynamics of the per-
ception and sickness-tuned perception models are estimated in the frequency-domain
for all relevant inputs and outputs. These results illustrate how the SOMs resolve the
gravito-inertial ambiguity. Figure 5.6 shows Bode magnitude responses for small in-
put accelerations for both the perception-tuned and sickness-tuned models. Each
subplot of the figure is referred to by its row and column number in the form RyCx.

In Figure 5.6a, R1C1 and R1C2 show the horizontal plane translational acceler-
ation estimates for the perception-tuned model as having high-pass dynamics for
both the PFM and the MSOM, whereas for the SVM, this response is band-pass.
For vertical acceleration inputs (as shown in R3C1), the PFM and the MSOM have
a frequency-invariant constant gain for the estimated vertical acceleration. This is
contrary to the SVM, which again shows a band-pass response. In the three models,
the acceleration and the gravity estimates are coupled. Horizontal-plane transla-
tional accelerations (shown in R2C1 and R2C2) lead, in all three models, to a low-
pass response in the gravity estimate. This means that in all three models, sustained
horizontal acceleration is perceived as sustained rotation.Here, the higher the per-
turbation frequency, the less it disturbs the perceived gravity vector. The low-pass
behaviour is stronger for the SVM with a slope decreasing at a factor of 100 per
decade; the PFM and MSOM are next with a slope decreasing at an approximate
factor of 10 per decade. The SVM and the PFM both have their break frequency at
0.2 Hz; the MSOM has its break frequency at 0.6 Hz. Vertical accelerations do not
cause a change in the vertical estimate of gravity for the MSOM and PFM (hence
they cannot be shown in R3C2). The dynamics of this estimated vertical component
of gravity differ for the SVM, where the SVM predicts the same low-pass response
as in the horizontal plane. Horizontal plane accelerations lead to a high-pass angu-
lar velocity estimate for the PFM only. The other perception-tuned models do not
include such a cross estimate of angular velocity.

Figure 5.6b shows the sickness-tuned responses. The acceleration estimate is of
higher gain, with a larger plateau, for all the models. Likewise, the break frequen-
cies for the gravity gain with respect to horizontal plane accelerations have shifted to
lower frequencies than for the perception-tuned case. Just as in the perception-tuned
case, both the MSOM and PFM are frequency-invariant for vertical acceleration per-
ception. Interestingly, there is a qualitative difference in the frequency response for
the MSOM across all responses. This takes the form of a peak in the response at
approximately 0.02 Hz. This peak is most pronounced for the angular velocity esti-
mation (shown in R4C1 and R4C2). A similar peak is also observed for the sickness-
tuned PFM. Here there is band-pass behaviour with a maximum at ≈ 0.1 Hz.

5.4.3. FIT TO EMPIRICAL SICKNESS FREQUENCY SENSITIVITIES
Figure 5.7 shows both the perception- and sickness-tuned frequency sensitivity of
motion sickness. For the MSOM and the SVM, the weights for the available conflict
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terms were found by fitting the empirical sickness frequency sensitivities for vertical
and lateral accelerations, see Section 5.4.2. These weights are listed in Table 5.3 where
both for the MSOM and SVM only one conflict term was selected.

Table 5.3 Weights on the different conflict terms found by fitting the empirical sickness frequency sensi-
tivities.

Models Conflicts

cω cg ca co coa
MSOM 0 n/a n/a 1 0

SVM 0 1 0 n/a n/a
PFM 1 n/a n/a n/a n/a

Figure 5.7a shows the perception-tuned frequency sensitivities to lateral accel-
erations. Here, none of the models are seen to capture the band-pass nature of the
experimental response. For Figure 5.7b, only the SVM is able to fit the experimen-
tally observed frequency sensitivity to vertical accelerations, albeit with a shift in its
maximum to 0.2 Hz rather than 0.16 Hz. The MSOM shows a unit gain throughout,
confirming the analytical findings in Section 5.3.1. Due to the absence of any angu-
lar velocity estimation, the PFM does not produce a conflict for vertical sickness and
hence no sickness is predicted.

The sickness-tuned result in Figure 5.7c shows that the SVM provides the closest
fit to the experimental results, forming a band-pass response similar to the experi-
mentally observed response to lateral accelerations. Likewise, the PFM and MSOM
also show band-pass responses. However, unlike the SVM, the peak conflict occurs
briefly at 0.06 Hz and 0.02 Hz, respectively. Lastly, Figure 5.7d shows the sickness-
tuned frequency sensitivity to vertical accelerations. Here, the SVM’s response is
now centred on 0.16 Hz. Just as before, the MSOM has a unit gain. Lastly, as there
is no angular velocity estimate induced by vertical oscillations, the PFM does not
predict any sickness.
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Fig. 5.5 Perception predictions for EVAR, centrifugation and OVAR, according to the PFM (purple lines),
SVM (dashed blue) and MSOM (dashed yellow), plotted against experimental data (red lines). The first
row shows yaw velocity perception for EVAR. The second row shows roll perception during centrifuga-
tion. In the third and fourth rows, the normalized translation velocity perception (obtained by integrating
translational acceleration) and rotation perception are shown for OVAR, respectively. The left column
shows fits based on parameters obtained from the literature; the centre column perception-tuned fits; the
right column sickness-tuned fits. All motion paradigms are performed in darkness.
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ĝ h
x
/

a h
x
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Fig. 5.6 Frequency-domain model responses of perceived motion. (a) responses of the perception-tuned
model state estimates in response to small acceleration input whilst earth vertically orientated in dark-
ness. The three lines represent SVM (blue), MSOM (yellow) and PFM (magenta). Input head acceleration
is ah, estimated head acceleration is âh, estimated gravity is ĝh the units for both are ms-2. (b) responses
of the sickness-tuned model state estimates.
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Fig. 5.7 Frequency sensitivity of motion sickness to sickening stimuli. (a) Perception-tuned frequency
sensitivity to horizontal plane accelerations. (b) Perception-tuned frequency sensitivity to vertical plane
accelerations. (c) Sickness-tuned frequency sensitivity to horizontal plane accelerations. (d) Sickness-
tuned frequency sensitivity to vertical accelerations. The red line is experimentally observed frequency
sensitivity, blue line is SVM, yellow line is MSOM and magenta line is PFM. The PFM is absent in (b) and
(d) because it does not have any conflicts in the vertical direction

5.5. SICKNESS VALIDATION
After the tuning process, the three perception models were validated for the magni-
tude of sickness they predict for five frequently used motion paradigms in sickness
research. The selected paradigms are VTA, LTA, PRP, OVAR, and CCCP. This vali-
dation was done for both the perception tuning and the sickness tuning.

Figure 5.9 shows the predicted sickness for these motion paradigms for each
model, alongside experimental observations. Conflicts with zero weights as found
in the sickness fitting procedure are not shown. Figure 5.9a shows the perception-
tuned sickness predictions; Figure 5.9b shows sickness-tuned sickness predictions.
Model performance can be evaluated by comparing the predicted sickness with the
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empirical data (see section 5.3.4), which is plotted in the form of red diamonds in
each panel of Figure 5.9.

5.5.1. SUBJECTIVE VERTICAL MODEL
The conflict used by Bos and Bles (1998) to characterise motion sickness in the SVM
was the gravity conflict. Indeed, from our sickness fitting, we confirm it to take
the greatest weighting. In Figure 5.9a, OVAR dominates this conflict and is 2.6 times
greater than CCCP. The PRP is also seen to be of the same order as LTA and VTA, this
is also a higher sickness prediction than the relative differences inferred in section
5.3.4.

The sickness-tuned SVM follows the empirical observations more closely (see
Figure 5.9b). Here, unlike for the perception-tuned case, the relative magnitudes
of CCCP, OVAR and LTA approximately match the expectations. One difference
again is the greater strength of PRP. The reason for this consistent over-estimation
is due to the role of the angular velocity feedback. In the SVM, the gain Kω works
to track the sensed signal. A weak angular velocity feedback means that there is a
greater difference between the sensed and the internally estimated angular velocity.
As the angular velocity is used in the form of the Mayne equation (Mayne, 1974) to
rotate the gravity vector, there is a greater difference between the sensed gravity and
internally estimated gravity, i.e., the gravity conflict. Increasing the angular velocity
feedback gain reduces this conflict. Figure 5.8 shows this variation in gravity conflict
with respect to both PRP and LTA as a function of Kω.

As there is no connection between the perceived rotational velocity and linear
acceleration estimates for the SVM, for LTA it is unresponsive to changes in Kω.
Interestingly, for PRP the conflict asymptotically converges to around 68 ms-2/rad,
which is only marginally smaller than the value found for LTA and so does not match
the experimental findings (Figure 5.8). Moreover, for Kω ≥ 4 the EVAR time constant
is 28 s, meaning that even if the conflict is reduced, the velocity storage time constant
leaves the bounds of experimentally observed angular velocity perception values.

0 10 20 30 40

70

80

90

100

Kω

c g

PRP
LTA

Fig. 5.8 SVM gravity conflict c⃗g for PRP (purple line) and LTA (dashed blue line) with respect to angular
velocity feedback gain Kω .
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Fig. 5.9 Magnitude of cumulative conflict for five motion paradigms when normalized against CCCP for
the three perception models. The left column shows results for the SVM (in blue); the middle columns
show results for the MSOM (yellow); and the right column shows the results for the PFM (magenta).
The top row (a) shows predicted sickness for perception-tuned models; the bottom row (b) shows the
predicted sickness for sickness-tuned models. Red diamonds mark experimental results.
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5.5.2. MULTI-SENSORY OBSERVER MODEL
For the MSOM, the perception-tuned otolith magnitude error in Figure 5.9a shows
that CCCP, OVAR and LTA follow a reasonable ranking of sickness intensity. There
is, however, a large difference between the predicted sickness magnitude for VTA
and LTA, which is contradicted by experimental data. The reason for this is the flat
nature of the frequency response (Figure 5.7b) for VTA compared to the LTA (Figure
5.7a), which attenuates the sickness due to lateral accelerations. The predicted sick-
ness for PRP is close to experimental findings. This is because the MSOM is able to
easily discriminate the roll signal from acceleration, leading to only a small sensory
conflict.

The sickness-tuned MSOM makes similar predictions to the prediction-tuned
MSOM. Here, the CCCP is again confirmed to be the most sickening, followed by
OVAR. Still, the magnitude of the difference between CCCP and OVAR is not sim-
ilar to experimental findings. The sickness-tuned responses for VTA and LTA are
of similar amplitude. This is because the frequency responses to vertical and lat-
eral accelerations as shown in Figure 5.7b and 5.7c are more similar to each other at
the frequency of 0.2 Hz, which was the input perturbation frequency for the vali-
dation. Likewise, similar to the perception-tuning, the sickness-tuned model is able
to discriminate the roll signal from acceleration, leading to a negligible roll-induced
sensory conflict.

5.5.3. PARTICLE FILTER MODEL
Due to lack of otolith or other acceleration conflict, the PFM predicts no motion sick-
ness for the vertical motion paradigm. For the rotational motion paradigms, how-
ever, both the perception-tuned and the sickness-tuned PFM perform well. OVAR
and PRP are found to be a factor of 27 and 170 times smaller in sickness magnitude
than CCCP, which matches well with the experimental values (of 14 and 200 times,
respectively). The reason why the angular conflict is larger in OVAR than in PRP
for the PFM is the existence of a strong oscillation in the estimated angular velocity
in both fore-aft and lateral directions. This effect is not present in the SVM due to
the lack of a bidirectional influence between the otoliths and the semicircular canals,
and it is attenuated in the MSOM due to the gain K f ω being set to zero to optimize
perception predictions.

5.6. DISCUSSION
Motion sickness has long been linked to state estimation conflicts in motion per-
ception. In this study, we evaluated different perception models for their ability to
reproduce both empirical motion perception and motion sickness data. The models
were tuned to time-domain perception data, as well as frequency-domain sickness
data. Evaluating both the perception-tuning and sickness-tuning results together
helped identify whether the SOM framework is effective for predicting motion sick-
ness.

The perception-tuned SVM, MSOM and PFM could all adequately approximate
most selected perceptual phenomena, but for each there were also important devia-
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tions from measured data from literature. The sickness-tuned models on the whole
did not adequately fit the perception data. Likewise, the success of fitting to sick-
ness frequency sensitivities was limited (Figure 5.7), with only the SVM providing
reasonable fits. In the following, we first discuss the ability of the different models
to reproduce human motion perception, and then discuss their ability to reproduce
observations on motion sickness. In the latter discussion, we specifically evaluate
the role of sensory conflict, and identify two key mechanism that may be required in
any model of motion sickness.

5.6.1. PERCEPTION
Overall, the perception-tuned models described empirical perception data better
than the original untuned models (SMAE of 0.243 compared to 0.354, indicative
of smaller residual variance in the former). This is expected because the tuning
was done with respect to a different collection of paradigms than the disparate
paradigms each individual model was tuned on in their original publications. The
sickness-tuned models on average had an SMAE of 0.418, indicating that both sick-
ness and perception phenomena could not be captured by the same set of param-
eters. The implication of this is that current models of perception are not directly
suitable for predicting motion sickness.

SUBJECTIVE VERTICAL MODEL

For the perception tuning, the time-domain perception predictions of the SVM were
found to be accurate. The model was able to satisfactorily match the empirical EVAR,
OVAR and centrifugation responses. Interestingly, for centrifugation, the yaw rate of
the centrifuge had a profound impact on the model predictions. However, there is no
clear effect of yaw velocity in the experiments evaluated. For instance, in Curthoys
(1996) the time constant of the subjective vertical was 6.1 s at 200◦s-1, whereas this
was 14.0 s for Merfeld et al. (2000) at 250◦s-1 and 15.9 s for Graybiel and Brown
(1951) at 60◦s-1. To match the experimental data, the observer gains of the SVM need
to be dependent on the yaw rate. This means that there were many parameter sets
that approximately satisfied the error minimisation criterion when all centrifugation
conditions were optimized together. Therefore, the model in its current form is over-
parametrized with respect to the perception predictions for the data broad range
of data analysed in this study. Moreover, in the frequency-domain, the estimated
acceleration for all directions has band-pass dynamics. However, it is known from
literature that the dynamics should be high-pass (Merfeld et al., 2005b,c).

MULTI-SENSORY OBSERVER MODEL

As it has the smallest overall error, the time-domain perception-tuned perception
predictions of the MSOM are the most accurate. It is important to mention that
the gain K f ω, responsible for the coupling between the semicircular canals and the
otoliths, was set to 0 in the perception-tuned MSOM, compared to the value of 8
in the original model. This is due to the reports of zero angular velocity percep-
tion in the experiments of Vingerhoets et al. (2005) on OVAR. Moreover, just like the
SVM, there is no unique set of parameters that describes all centrifugation results.
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In the frequency domain, the acceleration and gravity estimates of the MSOM for
horizontal plane acceleration input match literature findings. Interestingly, the ver-
tical acceleration percept is a unit gain. This means the vertical acceleration estimate
is frequency invariant. Studies indeed suggest that there is anisotropy in our per-
ception of travelled distance, with vertical translations being worse than horizontal
plane translations (Hinterecker et al., 2018). It is not clear from literature, however,
whether this anisotropy is caused by differences in the frequency response of our
perception to vertical acceleration or indeed due to the differences in the integration
of acceleration into travelled distances by the central nervous system. Experiments
on the frequency response of vertical displacement perception may help validate the
model for this degree of freedom.

PARTICLE FILTER MODEL
In the PFM, there is a trade-off between fitting the OVAR and centrifugation re-
sponses. Decreasing the standard deviation of the acceleration prior, σa, led to more
accurate centrifugation responses, but also increased the yaw angular velocity bias-
term on the OVAR responses. The bias in the OVAR is present in the PFM because re-
ducing the standard deviation of the prior on acceleration makes perceiving a trans-
lation along a cylindrical trajectory during OVAR less likely than rotating in yaw
whilst tilting, whereas experiments (Angelaki et al., 2009a) show that during long
exposure to OVAR only a translational percept remains and heading is perceived to
be constant. In the frequency-domain, the responses of the PFM and the MSOM are,
despite employing fundamentally different methods, very similar. This is because
both models make the key assumption that the magnitude of the gravity vector is
constant and, unlike the SVM, perform no pre-filtering.

5.6.2. SICKNESS
For all three models, the sickness tuning provided a better fit to motion-sickness
data, as expected. Out of the compared models, the SVM, with a combined SMAE
of 0.074, provided the closest fit to both the lateral and vertical sickness frequency
responses reported in the literature. In comparison, the SMAE was 0.259 for the
MSOM and 0.343 for the PFM, respectively.

The validation data-set was used to evaluate the predicted relative sickness mag-
nitude across a broader range of motion conditions. In this, the validation results
for the different models were more mixed. Although the PFM gave the best perfor-
mance for the rotational degrees of freedom, it did not predict any vertical sickness.
In comparison, both the SVM and the MSOM made better predictions for motion
sickness due to inertial accelerations. For the SVM there was an over estimation of
the sickness resulting from roll rotations, whereas for the MSOM roll rotation did
not lead to any sickness. With respect to the difference between OVAR and CCCP,
both sickness tuned models performed similarly.

SUBJECTIVE VERTICAL MODEL
Out of the models compared, the best match between the empirical frequency-sensitivity
data for sickness and model predictions was obtained for the SVM model. Inspec-
tion of the fitting results revealed that the model when tuned to sickness-fitted VTA
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responses remarkably well, better than the other models. The underlying reason
for why the SVM is the only model capable of frequency-variant VTA-induced sick-
ness predictions is that the magnitude of the estimated gravity is permitted to vary.
Here, there is a leakage from the gravito-inertial force to the magnitude of the esti-
mated gravity term. For both the MSOM and the PFM, the magnitude of gravity is
fixed to 9.81 ms-2. In hypergravity experiments involving centrifugation such a fixed
magnitude of gravity predicts a perceived sense of translation, however, this is not
observed (Clark et al., 2015). This supports the notion that the internally expected
magnitude of gravity is variable, as allowed in the SVM.

Despite its success, one drawback of the SVM is that it is a partial-observer.
Specifically, head angular velocity is observed, but acceleration and gravity are not.
Instead, the gravito-inertial force is first low-pass and then high-pass filtered. The
output of the filters are the sensed gravity and acceleration, respectively, which are
tracked by the internal model. This direct filtering of the gravito-inertial force has
the most pronounced influence on the model’s output. The resulting tracking er-
ror directly leads to the conflict terms. This mechanism is an important theoretical
deviation from the general observer framework outlined by Oman (1982). This ex-
plains the reduced accuracy for predicting motion sickness for rotational motions,
(see Figure 5.9b) as is evident by the SVM’s high sickness predictions for PRP, which
contradict experimental data (shown in Figure 5.8).

MULTI-SENSORY OBSERVER MODEL

When tuned for sickness, the MSOM has the band-pass dynamics that are associ-
ated with motion sickness caused by horizontal plane accelerations (see Figure 5.7c).
It is notable that the relevant conflict is generated only for the somatogravic effect.
The somatogravic effect is a striking demonstration of a perceptual conflict and oc-
curs when there is an ambiguity in the sensation of tilt and translation during low-
frequency horizontal accelerations. Previous research, including our own, has sup-
ported it being a possible contributor to motion sickness (Wood, 2002; Wood et al.,
2007; Irmak et al., 2021b). It is a positive outcome that there is a direct perceptual
correlate of this conflict term in the MSOM. Though the SVM does model the so-
matogravic effect, due to the absence of an explicit two-way coupling between the
semicircular canals and the otoliths, there is no difference in the frequency sensi-
tivities between vertical and horizontal, unless parameters are tuned explicitly for
the different directions. Moreover, because unlike the SVM it is a full observer, the
MSOM is able to accurately discriminate roll rotation, which makes the predicted
motion sickness from roll closer to the experimentally observed values (Figure 5.9b).

The main disadvantage of the MSOM is that the peak predicted frequency of
sickness for LTA is at 0.02 Hz. It is, however, known from experiments (Donohew
and Griffin, 2004) that that sickness occurs over a broader range of frequencies for
LTA and peaks at a higher frequency (0.03 - 0.3 Hz). Moreover, the MSOM results
in frequency-invariant vertical motion sickness predictions (see Figure 5.7d). This is
mostly not observed in previous experiments (Zaichik et al., 1999) and is due to the
nature of the acceleration estimation process, which assumes a constant magnitude
for the gravity vector.
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PARTICLE FILTER MODEL

Similar to the MSOM, the PFM includes/provides band-pass sickness predictions
through the somatogravic effect mediated by the two-way coupling between the
semicircular canals and the otoliths, thus providing a perceptual correlate for its con-
flict term. Interestingly, the PFM provides the most accurate fit to motion sickness
due to rotations (see Figure 5.9b). This may be due to the fact that it can account
for the non-linear dynamics introduced by them. Moreover, unlike the other two
models, it is a probabilistic model that performs Bayesian inference on vestibular
stimuli. This is advantageous because it automatically accounts for the presence of
noise at the input, which the other models do not. Not only are probabilistic models
a more faithful representation of reality, but they may also explain non-classical be-
haviour. For instance, it is known that noisy galvanic vestibular stimulation (GVS) as
well as bone conducted vibrations (BCV) retard the development of motion sickness
(Weech et al., 2018). Probabilistic approaches may help explain this behaviour in an
emergent fashion, as a consequence of performing inference on more noisy sensory
afferents. In contrast, deterministic models such as the SVM and the MSOM may
only be fitted to the data manually and provide no deeper explanatory power.

The key disadvantage of the PFM is that it does not predict any VTA-induced
sickness. This is because, unlike the MSOM, there is no internal estimate for the
gravito-inertial force. Moreover, the model performs inversion of the semicircular
canal signal Ct to obtain an estimate of the head velocity ωt. Inverse models are
affected more by noise than forward models, and for some problems the solution
space may even be infinite. This makes employing forward models more appealing.

IMPLICATIONS FOR SICKNESS MODELLING

The current study shows that SOM parameters fitted to perception data do not ac-
curately predict motion sickness and vice versa. A combined fitting may of course
yield a compromise, but will not address the fundamental limitations identified in
this study. Firstly, the MSOM and PFM have a contradictory or even an absent pre-
diction of sickness for vertical acceleration stimuli. Moreover, the SVM predicts a
higher magnitude of motion sickness for roll than is observed empirically, whilst
deviating substantially from the theoretical framework developed by Oman (1982).

We propose that a more complete model of motion sickness would contain the
following two mechanisms identified in this study. Firstly, models should include
an explicit two-way coupling between the semicircular canals and the otoliths (Lim
et al., 2017). This is crucial for capturing the somatogravic effect, a phenomenon
many experiments have shown to have a striking association with motion sickness
induced by horizontal plane accelerations (Wood, 2002; Wood et al., 2007; Irmak
et al., 2021a). Secondly, models should have a variable estimate for the magnitude
of gravity. Without allowing variability in the magnitude estimate, it is impossible
to capture how vertical motion, as it does not result in any perceived rotations, can
lead to motion sickness.

Furthermore, the underlying framework in which these two mechanisms are im-
plemented should be probabilistic. For this, a reformulation of the PFM is needed
whereby only forward models of sensory processing are used. Moreover, the PFM
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has frequency-invariant likelihoods, whereas humans are known to have frequency-
dependent likelihoods (Angelaki et al., 2009b). Specifically, low-frequency stimula-
tion of the otoliths is more likely to be due to tilt, while high-frequency stimulation
is more likely to be due to translation. Angelaki et al. (2009b) state that the sys-
tem "knows" what these likelihoods should be. The system can indeed learn the
frequency-dependent likelihoods by matching vestibular stimulation patterns to a
ground truth. In experimental settings, this ground truth would be defined by the
researcher, but in reality it would likely become implicitly evident to the organism
via the visual and proprioceptive cues. The likelihoods would be used to estimate
the real states of the organism and the expected sensory stimulation, which would
then be compared with actual sensory stimulation to drive sensory conflict terms.
The sensory conflict terms would be used concurrently to both update the internal
model and also to drive motion sickness. The probabilistic nature of the conflict
generation process would not only allow for the modelling of the small but evident
variance in intra-individual sickness trajectories seen in our previous work (Irmak
et al., 2020), but could also account for other emergent phenomena such as the effect
of increased sensory noise via GVS, BVC or even ageing (Nestmann et al., 2020).

Despite presenting vestibular-only data in this chapter, the authors also attempted
to include vision in the models evaluated. For the SVM, the model proposed by Bos
et al. (2008a) was taken. For the MSOM the full visual-vestibular formulation by
Newman (2009) was used. Lastly, the form of the PFM formulated in Laurens and
Droulez (2008) was used. Visual inputs accounted for in the SVM and MSOM in-
clude angular and linear velocity, as well as orientation, whereas for the PFM only
angular velocity is included. As observed in experiments (Irmak et al., 2020), includ-
ing vision decreases sensory conflict and consequently, motion sickness. Regardless,
vision was ultimately omitted in this study. This was primarily because the benefits
of including vision were outweighed by the complexity introduced by the increased
number of parameters and the lack of sufficient experimental results in the liter-
ature to define and validate models of visual contributions to motion perception.
Nonetheless, the effect of vision remains a crucial focus for future work and is cur-
rently being pursued by researchers (Bos et al., 2008b; Wada et al., 2020).

In this study, a simple integrator was used to model the accumulation of mo-
tion sickness over time. In reality, this accumulation is more complex, with both
time and amplitude non-linearities. For instance, it is known that as humans be-
come sick, their sensitivity to further sickness increases (Oman et al., 1986; Golding
and Markey, 1996; Irmak et al., 2020). Furthermore, motions below a certain ampli-
tude may often fail to elicit any sickness (Lawther and Griffin, 1988). These effects
have been explored in previous chapters of this thesis and should be accounted in a
complete model of motion sickness.

5.6.3. FUTURE WORK
To bring clarity to motion sickness modelling via the sensory conflict approach, ad-
ditional experimental data regarding perceived acceleration (or translation, as the
more easily measured correlate) and gravity (or tilt) frequency responses as analysed
in this chapter should be obtained. These should be directly related to the sickness
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frequency responses observed under the same motion paradigms. This would help
to identify the nature of the relationship between the somatogravic effect and motion
sickness.

Recent experiments also show major differences between participants in both
perception and motion sickness (Irmak et al., 2021a). As these two are coupled per
the sensory-conflict approach, we can use SOMs to quantify individual variations in
sickness sensitivity through observer parameters (e.g., feedback gains). For instance,
Dai et al. (2010) used their SOM to relate eye-velocities and motion sickness observed
during OVAR. Here individualisation is important, as per the "Ecological Fallacy"
averaging over an entire group may mask important relationships between sickness
and perception that occur at the individual level. Indeed, our previous work (Irmak
et al., 2021a) has shown that individuals have differing frequency sensitivities and
so fits to population averaged sensitivities are not always appropriate.

Finally, for validation of future and current models, investigation of sickness
across a wide range of sickening phenomena is needed. This study attempted such
a validation in Section 5.5, but in the absence of experiments employing a consis-
tent sickness scale such as the MIsery SCale (Bos et al., 2005) and a consistent per-
turbation duration and magnitude, unfortunately, only approximate comparisons
could be performed. Having extensive combined perception/sickness data would
allow us to better discriminate between competing models and allow identification
of causal mechanisms.

5.7. CONCLUSION
The results indicate that all models are able to provide good perception fits to the
selected motion paradigms. Despite this, there are large differences in the frequency
response of the acceleration and gravity perception between the SVM, the MSOM
and the PFM. This is attributed to the different assumptions made for resolving the
gravito-inertial ambiguity in each model. Under the observer framework for sick-
ness prediction, these assumptions are found to directly influence the sickness pre-
dictions.

Overall, none of the models can capture the full range of empirical motion sick-
ness observations considered in this chapter, including lateral and vertical trans-
lational acceleration, pure roll, off-vertical axis rotation and cross-coupled coriolis
perturbations.

Based on our model comparisons, we identified two critical components that
may resolve this. The first mechanism is the coupling of the semicircular canal with
the output of the otoliths to compute a more reliable gravity (i.e., orientation) and
acceleration estimate. This is necessary to capture the differences in the dynamics
between motion sickness induced by horizontal and vertical accelerations. The sec-
ond mechanism is that the models should have a variable estimate for the magnitude
of gravity. Without a slowly varying magnitude estimate, models cannot predict the
well-known motion sickness due to vertical accelerations. In addition, we propose
that these mechanisms are best implemented within in a probabilistic framework
similar to the particle filter evaluated in this study. Adoption of such a framework
will better account for individual differences in sickness susceptibility, as well as
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emergent phenomena such as variations in sickness sensitivity caused by changes in
sensory noise induced by GVS/BCV of the mastoids. This makes the approach the
most promising research direction towards key applications for mitigating motion
sickness in automated vehicles.





6
DISCUSSION &

RECOMMENDATIONS

As discussed in the Introduction chapter of this thesis, its various chapters have three un-
derlying threads of reasoning that motivate their respective research questions. This chapter
aims to recapitulate the main findings of each individual thread and weave them in to a sin-
gular cogent form, whilst making explicit both the societal, and the scientific impact of this
thesis. Furthermore, a number of both practical and future research related recommendations
are given.
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The fact that adverse motions may, in a very wide range of species, cause a di-
verse set of symptoms is peculiar. Yet reality is clear and attempts to explain this phe-
nomenon date back to ancient Greek and Chinese texts. Our modern understand-
ing of motion sickness is undoubtedly more refined than these earliest of attempts.
However, the more we understand, the more we have left to learn. Key unknowns
pertain to the sensory processes underlying motion sickness development, the re-
lationship between motion sickness and motion perception, and the differences in
individual sickness dynamics and susceptibilities. To be able to design comfortable
controllers for future automated vehicles, these questions must be resolved. The
objective of this thesis was therefore to

Understand and model motion sickness accumulation and its individual
differences for the comfortable control of automated vehicles.

Thesis Objective

6.1. DISCUSSION
6.1.1. PART I: QUANTITATIVE ANALYSIS OF INDIVIDUAL DIFFER-

ENCES
Motion sickness has high individual variability in all its facets. Individuals have
differing symptoms, time evolution of motion sickness, and sensitivities to the same
motion. Motion sickness research has thus far mainly been concerned with studying
how motion sickness manifests in the population, rather than the individual. For
highly variable phenomena, population relationships may not hold at the individual
level; asserting that they do so is an ecological fallacy (Freedman, 1999). Part I of the
thesis, therefore, set out to provide a quantitative analysis of individual differences
in motion sickness.

Chapter 2 evaluated the repeatability of individual sickness trajectories when
individuals were subject to the same motion condition, week-after-week, for three
weeks. The answer to this question determines whether there is any merit in at-
tempting to model and characterise differences in sickness development at the in-
dividual level. It was found that participants had a high degree of repeatability in
their time evolution of sickness over consecutive sessions. This is in accordance with
the findings of Graybiel (1969), who found that that end sickness in a session was
highly correlated with end sickness in a subsequent session. The results in chapter 2
demonstrate that it is not only the end point of sickness that is repeatable, but the en-
tire time history of sickness. This means that individuals display consistent sickness
susceptibility. This has a number of important implications. It suggests that day-
to-day variations in physiological and psychological state have limited effects on
motion sickness susceptibility. Personality ’trait’ variables such as extraversion and
neuroticism have not been found to correlate significantly with motion sickness sus-
ceptibility (Golding, 2006). Of course, these studies investigate between-participant
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correlations, and it may be that differing levels of anxiety within an individual can
lead to different motion sickness trajectories. However, experiments with complex
psychological manipulations, such as motivation, as experienced in previous studies
(Irmak et al., 2021b), are difficult to manage (Crano, 1991) and often times partici-
pants are unresponsive to the manipulation.

Another implication of repeatability is that one can study motion sickness using
system identification techniques ubiquitous in control theoretic modelling. In this
direction, chapter 4 investigated individual frequency sensitivities to fore-aft acceler-
ations. This was done using the Cable Robot Simulator (CRS) and the Cyber Motion
Simulator (CMS) at the Max-Planck Institute for Biological Cybernetics in Tübingen.
In this experiment, participants were subject to 30-minute experiment sessions with
sinusoidal fore-aft accelerations week-after-week for five weeks. The aim of the ex-
periment was to measure the effect of motion frequency at both the group and the
individual-level. The results show a flat sickness response with respect to acceler-
ation frequency for the group, but a highly variable one for the individual, with
some individuals being susceptible to low, some to medium and others to higher
frequencies. This means that the assumption of the group sickness response being
representative of the individual is not correct. The individual frequency sensitivity
curves were then correlated to motion perception parameters. Doing this at the in-
dividual level allows for a better evaluation of candidate models, this is because the
probability of a model fitting one frequency response with one set of perception pa-
rameters, as is done in the literature (Wada, 2021; Khalid et al., 2011a; Bos and Bles,
1998), is much greater than a model fitting many frequency responses concurrently.

The derivation of individual frequency sensitivity curves and their subsequent
use to ascertain the causal mechanism that leads to motion sickness rest on the as-
sumption that these curves are proportional to the actual internal sensory conflict
that occurred in individual participants. Indeed, the findings of chapter 3 largely
confirm this assumption. This study was conducted using the SIMONA Research
Simulator at the Aerospace Engineering faculty of TU Delft. Participants were ex-
posed to four different motion amplitudes (1, 1.5, 2 and 2.5 ms-2) in four separate
sessions. The Oman model of nausea accumulation was fitted to the subjective sick-
ness ratings. Oman (1982) had already reported an output power scaling of 2, but
this was not validated well, chapter 3 therefore provides the first experimentally
founded result. In this, we found that the non-linear output scaling term of 0.4 can
be used to model the effects of stimulus amplitude variations on sickness accumu-
lation. This non-linear scaling approximately linearises the amplitude relationship,
meaning that the level of sickness quantified using the MISC scale is indeed linearly
proportional to the scaled internal sensory conflict. This also means that in this case,
the assumption of a group-level amplitude response to sickness being representative
of the individual is indeed ecologically valid. The main findings from the quantita-
tive analysis of individual differences were therefore
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• Individuals have repeatable motion sickness responses

• Group frequency sensitivity is not representative of the individual
sensitivity

• At both the individual and the group levels, the acceleration
amplitude is linearly related to the measured sickness intensity

Main Findings of Part I

6.1.2. PART II: MODELLING THE TEMPORAL DYNAMICS OF MO-
TION SICKNESS

The accumulation of motion sickness in time has primarily been studied with respect
to the group. For this, it is usual for population-averaged metrics, such as mean
sickness rating and motion sickness index (percentage of people vomiting), to be
used. Indeed, most modelling studies have aimed at matching their predictions to
these group averages.

Therefore, in addition to the individual variation in frequency and amplitude dy-
namics, there are also variations in the temporal dynamics, i.e., the accumulation of
sickness with respect to time. chapter 3 studied the temporal dynamics in detail and
found that in addition to quantitative differences between participants in the time
constants of sickness accumulation, there were also qualitative differences in their
response profile. This difference manifests itself in the form of convergent or diver-
gent sickness trajectories. It was found that for those participants with a disposition
to a convergent trajectory, the exposure required to get more sick increases as sick-
ness level increases. This is contrary to those participants with a divergent sickness
trajectory. Here, we find that as sickness level increases, it was easier for the par-
ticipant to get even more sick with continued exposure. These findings confirm the
results reported in chapter 2 about idiosyncratic differences in the qualitative form
of sickness accumulation.

The Oman model of nausea is the only model developed to capture the temporal
dynamics of motion sickness at the individual level. Therefore, it offers more in-
sights into the physiological processes that govern motion sickness evolution, an in-
sight that is obscured when evaluating groups. Moreover, the Oman model is able to
account for hypersensitivity, which occurs when individuals who have been recently
made sick are sensitised to further motions, such as to become sick much quicker
than during their initial exposure. This is particularly relevant for automated driv-
ing which consists of sickening motions separated by relatively large durations of
rest (e.g. going in to a highway then on to a mountain road). In chapters 2 and 3, the
input to the Oman model was assumed to be proportional to the sensory conflict. In
Part III, this assumption is replaced by models of motion perception, which aim to
derive the sensory conflict terms by using the observer framework.

One problem associated with the Oman model was that, prior to the work de-
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scribed in this thesis, it was not rigorously validated. Furthermore, parameters such
as the time constants and the output power scaling were not estimated from exper-
iment data, while a value for the gain parameter was not defined at all. Chapter 2
attempted to resolve this issue by fitting an adapted form of the model to the sicken-
ing drive data, which included hypersensitivity in a second motion exposure. Here,
the fast and slow time constants of the system were identified as 63 s and 441 s,
respectively, with a fast path gain of 2.18. One limitation of the data gathered in
chapter 2 is that it is from a single condition and therefore provided no informa-
tion on if, and how, these parameters may vary with the magnitude of the sensory
conflict.

Chapter 3 addressed this limitation by providing within-participant sickness data
when participants were exposed to four acceleration amplitude conditions. Here, it
was found that the values of the fast and slow time constants were stimulus ampli-
tude invariant. Furthermore, confirming the parameter estimates of chapter 2, the
median parameter estimates found in chapter 3 were 66.2 s and 502.4 s for the fast
and slow paths, respectively. This indicates that the physiological process underly-
ing sickness accumulation seems invariant for the individual and is an idiosyncratic
property. This finding, paired with the fact that habituation to sickening stimuli is
often stimulus specific, and does not transfer well to other sickening stimuli (Gold-
ing, 2006), provides support for these time constants being a fixed property of the
system driving motion sickness.

As discussed previously, chapter 2 and 3 also found that there was qualitative
variation in the temporal dynamics of motion sickness between participants. This
difference manifested in convergent and divergent sickness trajectories. It was found
in chapter 3 that divergent trajectories were modelled less well by the Oman model
of nausea. This was primarily due to the convergent nature of the model, which, due
to negative system poles, converged to a final sickness value in a stable manner. In
a number of participants studied in chapter 3 bistable behaviour could be observed.
These participants converged to a specific value of sickness, after which, in the span
of seconds, their sickness scores ’blow-up’ to vomiting. There can be a number of
reasons for this. One is a possible misinterpretation of the MISC scale, whereby
participants do not rate based on perceived symptoms, but based on the level they
can tolerate with the maximum being the experiments’ set termination criteria (in
this instance a MISC of 6). Previous literature (Graybiel, 1969; Bock and Oman, 1982),
however, indicates that symptoms can indeed ’avalanche’, or blow-up, as also found
in this thesis. The main findings from modelling the temporal dynamics of motion
sickness were therefore
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• Individuals may show convergent or divergent sickness trajectories,
whereby convergent trajectories are modelled better with current
tools

• Validation of the Oman model and estimates of its key parameters:
fast and slow time constants at a median value of 66.2 and 502.4 s,
with a median gain of 70.8

• Power scaling the output of the Oman model with an exponent of
0.4 allows cross-amplitude generalisability of the Oman model to
different stimulus amplitude conditions

• Individuals may exhibit bistable behaviour, where their sickness,
after converging to a specific value, is seen to ’blow-up’ to vomiting

Main Findings of Part II

6.1.3. PART III: MODELLING THE DYNAMICS OF SENSORY CON-
FLICT

Sensory conflict is a concept that has not been empirically verified, yet most theo-
ries of motion sickness assert its existence and posit its origins in the state estimation
and motion perception framework used by the brain. In chapter 5 of this thesis, three
motion perception models were evaluated, both for their perception predictions and
their sickness predictions. These were the Subjective Vertical Model (SVM) (Bos and
Bles, 1998; Kamiji et al., 2007), the Multi-Sensory Observer Model (MSOM) (Clark
et al., 2019) and the Particle Filter Model (PFM) (Laurens and Droulez, 2007). It
was found that, overall, the perception models did not generalise well to describe
observed motion sickness across the range of motion paradigms evaluated. How-
ever, when specifically tuned for the empirical group-level sickness observations of
O’Hanlon and McCauley (1974); Donohew and Griffin (2004), the SVM provided the
best fit for sickness caused by translational accelerations. The underlying reason for
this is the fact that SVM was the only model able to make frequency-variant fits for
vertical motion sickness. The PFM has no vertical conflict and the MSOM has no
frequency-variant vertical conflict. The reason why the SVM can be fitted, and the
other two models could not, is because there is a leakage from the gravito-inertial
force to the magnitude of the estimated gravity term, i.e. both the direction and the
magnitude of gravity is actively estimated in the SVM. For both the MSOM and the
PFM, the magnitude of gravity is fixed to 9.81 ms-2. This means that overall, the
SVM produced better fits to experimental sickness data.

Despite this fact, the SVM has certain drawbacks. As discussed in the introduc-
tion, the observer framework is used to model motion sickness. Here, the actual
kinematic states of the organism are observed from noisy and ambiguous sensory
signals. Indeed, both the MSOM and the PFM function in this manner. The SVM,
however, is a partial observer, whereby only the angular velocity is strictly observed,
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but acceleration and gravity are not. Instead, the ’perceived’ variables that result
from the initial filtering are tracked by the ’subjective’ outputs of the internal model,
whereby this tracking is facilitated by a feedback mechanism. This mechanism,
which deviates from the theoretical framework set by Oman (1982), also explains,
as shown in chapter 5 of this thesis, why the SVM overestimates sickness due to
roll compared to the other models. Lastly, it is also not clear what the perceptual
correlates of either the ’perceived’ nor the ’subjective’ variables in the SVM are.

For both the PFM and the MSOM the conflict term with the closest dynamics to
the observed sickness is only generated for horizontal plane accelerations. This is in-
teresting because it has a direct perceptual correlate in the well-known somatogravic
effect. The somatogravic effect is an example of a perceptual conflict that occurs
when there is an ambiguity in the perception of tilt and translation, usually induced
by low-frequency horizontal plane accelerations. The difference between the these
two models and the SVM is that the somatogravic effect is mediated by the two-way
coupling between the semicircular canals and the otoliths. This creates an emergent
difference in the frequency sensitivities between vertical and horizontal accelera-
tions. This is a characteristic that the SVM can only match by directional tuning of
its parameters.

The somatogravic effect can be studied by investigating the time constant of
the subjective vertical (Correia Grácio et al., 2013). This time constant determines
the dynamics by which translation is inferred as tilt and vice versa. Indeed, the
experiments in chapter 4 show the importance of the subjective vertical time con-
stant, which was seen to be strongly correlated with overall sickness susceptibility
(r = 0.74). Interestingly, the time constant was not found to be correlated with the
frequency of peak sickness. This could be because the experiment in chapter 4 was
affected by multiple sources of uncertainty in determining both the perception pa-
rameters and the sickness responses, which may explain the lack of an observable
effect. The results did not show a correlation between the velocity storage time con-
stant and neither general motion sickness susceptibility, not the peak sickness fre-
quency. This is contrary to studies by Dai et al. (2003, 2007, 2010) and is likely due to
the nature of the perturbation, which did not employ any rotational movement.

It is argued in chapter 5 that probabilistic models of sensory integration may
represent a promising way of building on the current deterministic control-theoretic
methods. Firstly, probabilistic models are able to capture the tilt-translation am-
biguity as a bimodal distribution over most likely kinematic states for the organ-
ism, where the state uncertainty may be correlated with motion sickness. Secondly,
as discussed previously, one characteristic of the SVM that allows for it to make
frequency-variant sickness predictions for vertical accelerations is the fact that the
magnitude of the gravity is free to vary. Probabilistic models have been shown to
capture variations in the magnitude of gravity, whereby variations in the specific
force cause dispersion in the distribution of the gravity estimates (Kravets et al.,
2021). Such uncertainty may indeed help to better explain motion and model sick-
ness due to vertical accelerations. The main findings from modelling the dynamics
of sensory conflict were therefore
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• Perception-tuned sensory integration models adequately matched
the perception data. Sickness tuning provided a reasonable sickness
fits in the frequency domain.

• Current models do not generalise well across multiple motion
paradigms to describe relative differences in observed motion
sickness magnitudes

• The Subjective Vertical Model provides the best match to
empirically observed group-level frequency sensitivities to
horizontal and vertical plane motions

• An important mechanism to predict motion sickness induced by
vertical accelerations is the active estimation of the magnitude of
gravity

• The somatogravic effect, as mediated by the two-way coupling
between semicircular canal and otolith sensory data, explains the
differences in frequency sensitivity between vertical and horizontal
acceleration stimuli

• The time constant of the subjective vertical, and hence the
somatogravic effect, correlates strongly with individuals’ motion
sickness susceptibility

Main Findings of Part III

6.1.4. IMPLICATIONS & RECOMMENDATIONS
In the following sections, the societal and scientific implications of this thesis are
identified and recommendations for further research are given.

ONE SIZE DOES NOT FIT ALL
It is clear from the findings of this thesis that individuals vary considerably in how
external motions affect them. With the removal of the driver, automated vehicles
themselves will have complete control over their movements. Engineers have so
far attempted to reduce motion sickness by penalising the most sickening frequen-
cies, as identified in the experiments of O’Hanlon and McCauley (1974); Donohew
and Griffin (2004), in their cost functions. However, as shown in chapter 4 of this
thesis, individuals have widely varying frequency sensitivities, and group-level fre-
quency sensitivities usually have a much wider bandwidth than individual sensitiv-
ities. This means that optimising with respect to group-level response likely leads to
more motion sickness than optimising with respect to the individual.

Individualisation of trajectory planning and control algorithms is, however, not
trivial. The experimentation required to obtain individual sensitivities took 6 weeks
to complete; such a testing protocol is impractical for any applications. To do this
in a commercial setting, a multi-stage research undertaking is first recommended.
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Using the version of the Oman model in chapter 3, the individual frequency re-
sponses of chapter 4 could be matched by having an input transfer function weigh-
ing the different frequency accelerations to the Oman model. As said before, an
estimation requiring prolonged exposure to single motion stimuli likely provides
redundant information and, as shown in chapter 3, even an exposure to a MISC of
3 yields adequate information about individual susceptibility to a specific motion
paradigm. Therefore, closed-loop system identification can be used in conjunction
with a motion platform to perturb the participant individual in such a manner as to
extract maximum information about their motion sickness dynamics. Such closed-
loop identification methods have been successfully used in other engineering appli-
cations (Qian et al., 2016). The next step is to perform open-loop identification in the
vehicular setting using continuous MISC data. If these techniques prove effective,
one can aim to do open-loop identification based on sparse end-of-ride ratings given
by passengers, whereby the parameters of the individual model are slowly tuned as
the vehicle is used over the course of months. Such a strategy can enable reduced
incidence of motion sickness without requiring complex sensory integration models.

Closed-loop identification in this manner is not only important for practical pur-
poses, but also for progress in motion sickness research. Currently, a major hurdle
is the ’data bottleneck’. Motion sickness data can generally only be gathered from a
small number of participants for a small number of conditions, as larger experiments
are both too time-consuming and costly. This thesis has shown that individuals have
repeatable and regular responses, where these responses are well characterisable by
a control theoretic model of motion sickness accumulation. Therefore, as discussed,
model-based identification is likely the most promising way of alleviating this bot-
tleneck.

CONTEMPORARY MOTION SICKNESS MODELLING
John von Neumann famously said, "With four parameters I can fit an elephant, and with
five I can make him wiggle his trunk." Indeed, we now know you only need four (com-
plex) parameters (Mayer et al., 2010). This amusing quote underlies the important
fact that it is not surprising for a complex model with many parameters to fit any
dataset well. Motion perception models aim to emulate the complex behaviour of
the brain and therefore tend to have a very large number of parameters. It is there-
fore easy to overfit the sensory conflict terms derived from these models to sickness
data. In chapter 5 of this thesis, motion sickness models were also validated against
a broad range of motion paradigms to which they were not fitted. Moreover, pa-
rameters obtained from motion sickness fitting were evaluated for their perception
predictions. This validation of models in both sickness and perception is a method-
ological improvement that provides a way to avoid the pitfall of overfitting, which
plagues models with many parameters.

As a consequence of this thorough validation, a number of practical recommen-
dations are formulated here. Using data-driven models based on motion sickness
dosage value (MSDV) (ISO 2631, 1997) are just as suitable as spatial orientation mod-
els to predict motion sickness. This is because models are fitted to the same empirical
group-level sickness sensitives derived from O’Hanlon and McCauley (1974); Dono-
hew and Griffin (2004). Moreover, control theoretic models of motion sickness do
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not generalise well to the motion paradigms they were not fitted to. In this sense,
one advantage data based models have is that they are simpler to implement and are
faster models to run, meaning they can be incorporated in real-time inside a control
framework. These considerations are of particular concern to engineers who aim to
mitigate motion sickness via various vehicle control strategies. On the other-hand,
some researchers may want to preemptively explore the use of these mathemati-
cal models of motion sickness in a control framework (Buchheit et al., 2021), even
though they are currently incomplete.

At a theoretical level, probabilistic modelling of perception, and thus motion
sickness as its hypothesised derivative, seems to be the most promising future re-
search direction to expand current deterministic approaches with. In a probabilis-
tic framework, the aim would be to model uncertain sensory states that are often
encountered during exposure to sickening motions. As discussed before, the tilt-
translation ambiguity caused by low-frequency horizontal plane accelerations and
off-vertical axis rotations, causes motion sickness. Evidence put forth in this thesis
with respect to the importance of the subjective vertical time constant, and other
cited literature, affirm the relevance of modelling these ambiguous sensory states.
The two deterministic models (the SVM and MSOM) studied in this thesis, however,
cannot model sensory ambiguity. On the other hand, the PFM is a fully probabilistic
model, which is also inadequate because it is unable to model the frequency depen-
dent nature of the posterior distribution of state variables. Recent works have indeed
started to explore this direction, (Kravets et al., 2021) and it is the recommendation
of this thesis that further effort be devoted to this topic. The manner by which these
models are implemented can be very diverse. For instance, Kravets et al. (2021) uses
a brute-force Monte Carlo method, which requires large amount of computational
resources and has low biological plausibility. It may be prudent to use predictive
coding as a strategy for implementing probabilistic inference (Friston et al., 2006;
Friston, 2008). This is because, as discussed in the Introduction of this thesis, per-
ception is a hierarchical operation organised up from the sensory periphery, to the
simple integration of various sensory modalities, to higher level cognition. All lay-
ers are likely connected in a recurrent manner, which is best suited for a predictive
coding framework.

MEASURING MOTION SICKNESS
Motion sickness is not a physical quantity that can be measured directly, like a pres-
sure, temperature or voltage. It is embodied within human perception, and therefore
is subject to a number of biases. Moreover, humans cannot provide an absolute in-
dication of their motion sickness level at a fine time or sickness resolution. This has
led researchers to search for physiological signals such as ECG, GSR, EGG and EEG
to objectively quantify the level of experienced motion sickness. In chapter 2 of this
thesis, it was shown that although the galvanic skin response (GSR) in particular,
was highly correlated with motion sickness, there was substantial individual scatter.
Moreover, the specificity of any physiological signal remained an issue. For instance,
GSR and ECG are both known to be correlated with other factors aside from motion
sickness (Shi et al., 2017; Wang et al., 2018). Therefore, to study the dynamics and
characteristics of motion sickness in a laboratory setting, these signals are, in general,
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not useful. One specific way they may be used is to study the temporal evolution
of specific symptoms, in which case these symptoms should be directly relatable to
the chosen physiological signal and subjective ratings of that symptom should be
collected continuously, in tandem.

Physiological measurement methods usually require skin contact with electrodes,
and so are not yet appropriate for commercial use. In a vehicular setting, non-
invasive passenger observations through methods such as facial expression and pos-
ture detection may be more straightforwardly realised. We know that researchers
have already used certain behavioural markers such as yawning, signing and burp-
ing to visually observe sickness in their participants (Leung and Hon, 2019; Matsan-
gas and Mccauley, 2014). Passive passenger observation via cameras may be used
similarly, like a watchful chauffeur, to adapt vehicle behaviour to signs of passenger
discomfort.

Whether passive observation is a feasible way of inferring motion sickness can be
verified with an experiment where the participants are placed on a motion simula-
tor and moved as they would be inside a vehicle. All participants ideally follow the
same sickness trajectory, getting slowly to the same end-level of sickness. To enable
this, a closed-loop control strategy, similar to the one discussed in section 6.1.4 can be
used. To ensure natural behaviour, participants would be given freedom to do any-
thing they would also do in an automated vehicle. Subjective sickness scores would
be collected and compared to both behavioural markers (such as emotions, yawning,
burping, seating adjustments). If passengers can indeed be passively monitored, the
approach would translate readily to technology that can be utilised in automated
passenger vehicles.

6.2. GENERAL CONCLUSION
In conclusion, this thesis provided crucial additional insights into the nature of mo-
tion sickness, elaborating on three aspects which were: quantitative analysis of in-
dividual differences, modelling temporal dynamics of perceived sickness and mod-
elling the dynamics of sensory conflict. Where possible to do so, these insights were
derived in a quantitative manner, through a control-theoretic modelling approach.

Before writing this thesis, the focus of motion sickness research was primarily on
its average across the population. In the various chapters of this thesis, it was shown
that individuals have repeatable motion sickness responses and that they generally
show motion sickness dynamics that differ from the group. It was also shown that
these dynamics could be correlated to motion perception parameters, thus providing
a richer data-set for model development and validation. The individual was there-
fore shown to be a feasible unit to study, and doing so will provide further insights
in to the physiological processes that underlie sickness development.

Likewise, the temporal dynamics of motion sickness were studied in scenarios
relevant for automated vehicles. For this, within-subject experiments with continu-
ous sickness ratings were used to rigorously validate the Oman model and identify
the time constants and gains that characterize the modelled sickness accumulation.
For the first time, the Oman model was validated for multiple motion amplitude
conditions and its non-linear power scaling at the output was found to effectively
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capture the amplitude dependency in our experimental data. Moreover, important
qualitative differences in sickness response were found, with people exhibiting con-
vergent or divergent dynamics, whereby the former could be modelled more reliably
by the Oman model.

Finally, existing models of motion perception were thoroughly validated for their
ability to provide sickness predictions based on modelled perceptual conflicts. Im-
portant mechanisms for motion sickness modelling in the form of active estimation
of the magnitude of gravity and the somatogravic effect, as mediated by the two-way
coupling between the semicircular canals and the otoliths. Moreover, for the first
time, we observed a strong correlation between the subjective vertical time constant,
which influences the somatogravic effect, and overall motion sickness susceptibility.

The introductory paragraphs of this thesis mapped out the future terrain, whereby
a key obstacle in utilisation of any autonomous driving technology is motion sick-
ness. Overall, the research described in this thesis has increased both our under-
standing of motion sickness and also the availability of tools to ultimately mitigate
it.
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APPENDIX OF CHAPTER 3

A.1. INDIVIDUAL NORMALISED MISC RATE
Figure A.1 shows the normalised MISC rate in the first motion exposure as a scat-
ter plot with respect to the amplitude condition for all individuals that took part in
the amplitude study. The MISC rate is normalised against the maximum MISC rate
observed for a participant across all of their conditions. This gives a better represen-
tation of the amplitude sensitivity of the participants.
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Fig. A.1 Normalised MISC rate obtained from dividing the MISC at the end of the session with the time
to the end of the session, shown for all individuals. The MISC rate is normalised against the maximum
MISC rate observed for a participant across all of their conditions.
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A.2. MODEL FITS TO ALL INDIVIDUAL RESPONSES
Figure A.2 shows the fits of the three model variations for all participants and all
conditions.
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Fig. A.2 Three variations of the Oman model; Session Fit, Variable Power and Fixed Power. Fitted to all
sessions of all individuals. Each row is an individual participant, and each column is a motion condition,
with increasing fore-aft acceleration amplitudes of 1, 1.5, 2 and 2.5 going from left to right

A.3. SICKNESS FORECASTING
Figure A.3 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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Fig. A.3 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 con-
dition, increasing in magnitude from left to right. The rows show results for each participant. The blue
shaded area gives the observations the model has access to make forecasts
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B.1. PERCEPTION EXPERIMENT RESPONSES
Figure B.1 shows the centrifugation and EVAR responses of each participant for
whom data could be collected. Figure B.1a shows the first 60 s of the centrifugation
response as indicated by participants using the angular pitch of a metal rod con-
nected to a potentiometer. Figure B.1a shows the entire 120 s of the EVAR response
indicated by rotating the rod away from the body or towards the body, depending
on the perceived direction and magnitude of angular velocity in yaw. The y-axis has
been normalized to the maximum displacement of the rod.
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Fig. B.1 Perceptual responses for all individuals averaged over repetitions. a is the subjective vertical tilt
in centrifugation. At 0 s, the centrifugation is started and maintained until 60 s, after which it is stopped.
At 120 s, another trial is initiated. The black line shows the fitted exponential model, the R2 value and
the time constant τsv is also shown in the text box. The vertical red line shows this time constant on the
plot itself. b shows the angular velocity after rotation in EVAR. At 0 s the EVAR motion of the simulator
is stopped and at 60 s a new trial is initiated. The vertical red line shows the point at which perceived
normalized angular velocity decays to 63.2% of the way down to steady state
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B.2. MSOM MODEL FITS TO PERCEPTION RESPONSES
Figure B.2 shows the fits of the MSOM to the centrifugation and EVAR after effect
responses shown above. Fits were only performed on those participants for whom
both EVAR and centrifugation were collected. Figure B.2a shows the fits for centrifu-
gation that are, in most cases, a good fit to the experimental data. Figure B.2b shows
the fits for EVAR that does not accurately predict the plateauing effect seen in the
experimental data. For this, a more complex model would have to be introduced.
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Fig. B.2 MSOM fits for all individuals for which both EVAR and centrifugation data exists. Top are fits
for the subjective vertical tilt for each participant. Bottom are fits for the perceived angular velocity after
rotation. Only the point after the zero crossing for EVAR was used for the error minimization
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B.3. CROSS-OVER FREQUENCY
Figure B.3 shows the gain of acceleration and gravity estimation with respect to fre-
quency, as computed from the MSOM. At low frequencies, the gravity estimate has
the highest gain, which then crosses over at an intermediate frequency, after which
the acceleration gain increases. The point where the curves cross is, by definition,
the cross-over frequency.
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Fig. B.3 Gravity and acceleration perception frequency responses as obtained from one of the runs of
MSOM
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B.4. SICKNESS EXPERIMENT RESPONSES
Figure B.4 shows the MISC as a function of time for all participants and for all fre-
quency conditions. The MISC rating was queried in 30 s intervals. Here, sickness
responses are generally seen to converge to a value below the cut-off value of MISC
6.
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B.5. FIXED EFFECT MODEL RESIDUALS
Figure B.5 shows the residuals of the fitted Fixed Effect Quadratic model. An ideal
model fit would have residuals centred on zero, with limited variance for each par-
ticipant. Here the residuals for each participant are centred appreciably above or be-
low zero, with large variances, indicating a poor fit with the Fixed Effect Quadratic
model.
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Fig. B.5 Box plot of the residuals for our fitted Fixed Effect Quadratic model. Residuals are, on average,
mostly above or below zero, indicating that the model has failed to account for subject-specific effects
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C.1. MOTION IMPLEMENTATION
For this purpose, the following kinematic chain shown in Figure C.1 is used

d
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y2

x2

z3

y3

x3

Fig. C.1 Kinematic chain used for complex motion generation

Here R0 defines the earth fixed coordinate system, composed of the unit vectors
X⃗0, Y⃗0, Z⃗0. Likewise R3 defines the head fixed coordinate system. Using standard
Denavit-Hartenberg (DH) formulation one can derive the set of transforms that map
R3 to R0 and likewise R0 to R3 or any therein between. The DH parameters for this
kinematic chain are tabulated in Table C.1

Table C.1 DH parameters for kinematic chain

Link α a d θ

1 −π/2 a1 0 π/2 + θ1
2 π/2 0 0 θ2
3 0 0 d3 θ3

The parameters a1 and d3 are to specify the centrifugation distance and the dis-
tance of roll point to the vestibular organs respectively. For centrifugation a1 is sim-
ply defined as the distance of the body from the centrifugation axis. d3 depends on
the nature of the motion. If the motion is such that the roll rotation at the pivot point
R1 is about the vestibular organ, as is the case for OVAR, then d3 is set to zero. If
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however the roll point is the neck, as is the case for cross-coupled coriolis, d2 is set to
the distance between the neck and the vestibular organs. As a result, the transform
which relates the head frame to the earth frame is given by

T0
3 = T0

1T1
2T2

3 (C.1)

This transform takes the general form

T0
3 =


r11 r12 r13 dx
r21 r22 r23 dy
r31 r32 r33 dz
0 0 0 1

 (C.2)

Where the elements of the matrix are given as

r11 =−c1s3 − c2c3s1
r12 = c2s1s3 − c1c3
r13 =−s1s2
r21 = c1c2c3 − s1s3
r22 =−c3s1 − c1c2s3
r23 = c1s2
r31 =−c3s2
r32 = s2s3
r33 = c2
dx =−s1(a1 + d3s2)
dy = c1(a1 + d3s2)
dz = d3c2

(C.3)

Here for the sake of brevity and legibility sin(θ1) and cos(θ1) is denoted as s1 and
c1 respectively. T0

3 relates the head frame to the earth frame, its inverse relates the
earth fixed frame to the head frame. The inverse is equivalent to the transpose of the
original transform. Therefore

T3
0 = (T0

3)
T

With this one can transform earth referenced gravity to the head coordinates to
simulate what the gravity component of the gravito-inertial force would be.

g⃗3 = T3
0 g⃗0

The semicircular canals report angular velocity with respect to the head. To ac-
quire the head referenced angular velocity the Jacobian must be evaluated in the
head frame of reference. This yields

ν⃗3 = J3 (⃗θ)⃗θ̇
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Where

ν⃗3 =


vx
vy
vz
ωx
ωy
ωz


In the head frame. As this is the head frame the velocity terms are zero and so only
the angular velocity terms are left. These can be used straight away as inputs to the
semicircular canals.

In a similar manner, by expressing the Jacobian in the earth frame, differentiating
the linear velocity and transforming back to the head frame one can derive the linear
head acceleration in the head frame.

ν⃗0 = J0 (⃗θ)⃗θ̇

This gives linear velocity in the earth frame. Numerically differentiating

a⃗0 =
v⃗0(t + δt)− v⃗0(t − δt)

2δt
Gives the linear acceleration in the earth frame, where δt is the differentiation time
step used. In this case, a second order numerical technique is used. The head accel-
eration in earth frame is then transformed in much the same way as the gravity, in
to the head frame.

a⃗3 = T3
0⃗a0

Therefore the gravito-inertial acceleration in the head frame f3, as sensed by the
otoliths is given by

f⃗3 = g⃗3 − a⃗3

This can be used straight away as the input to the otolith model.

C.2. CONFLICT POWER
Assume a conflict of magnitude A and angular velocity ωp

|c(t)|= |Asinωpt|

The Fourier series expansion yields to the following DC (A0) and harmonic ampli-
tude (An) terms,

A0 =
2|A|

π

An =
4|A|

π(n2 − 1)

Where n = 2,3,4 . . .
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Therefore the conflict signal has most of its power in the DC bias and the first
harmonic terms. The second order system applied accumulate sickness filters the
signal. The gain for this is given as

G =
K

(1 + ωµ)2

Therefore the end magnitude of the bias and first harmonic of the filtered absolute
conflict signal is

A0 =
2|A|K

π

An =
4|A|K

3π(1 + 4ωpµ)2

For a constant value of |A| the lower the frequency of conflict the larger the sickness
response, due to the contribution of harmonics. The time constant µ used in Bos and
Bles (1998) is 12 minutes and K is equal to 0.85. These free parameters depend on the
sickening motion, which for them was pure vertical. A smaller time constant allows
for the higher harmonics to contribute but as observed there is quadratically decreas-
ing energies with respect to harmonic position. More importantly, the assumption of
constant |A| is invalid. Accurate prediction of sickness requires smaller sickness at
lower and higher frequencies therefore one can expect a parabola in the frequency-
domain with centre frequencies ranging between 0.03-0.3 Hz. At such frequencies
for the first harmonic to not be filtered by the 2nd order system the time constant
must be around 30s. Such small time constants may be observed for cross-coupled
Coriolis stimulation and so the frequency of the conflict may become important here,
i.e. there may be substantial harmonics added on to the base increase in sickness
(waves of nausea with each head rotation). However for the longer time constants
observed in majority of cases the first harmonic does not contribute at all and only
the DC bias is important.

C.3. SVM LATERAL AND VERTICAL RESPONSE DERIVA-
TION

Here take only one perturbation direction. As there is no cross-coupling between the
input and output direction one can do the analysis on a given component, f of the
gravito-inertial force vector f⃗ .

f =
Ka

s
+

Kg

s
cg

ca = f
τlps

τlps + 1
− f̂

τlps
τlps + 1

cg = f
1

τlps + 1
− f̂

1
τlps + 1
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ca = f
τlps

τlps + 1
−

(Ka

s
ca +

Kg

s
cg

) τlps
τlps + 1

cas + ca

(
Ka +

1
τlp

)
+ Kgcg = f s

Taking the inverse laplace transform with zero innitial conditions

ċa + ca

(
Ka +

1
τlp

)
+ Kgcg = ḟ

Similarly for cg

τlp c̈g + ċg + Kgcg + Kaca = ḟ

This system of ordinary differential equations can be represented in state space form
such that

⃗̇q = Aq⃗ + B f⃗

y⃗ =

ca
cg
ċg

= Cq⃗ + D f⃗

Where f⃗ here is defined as the sole component perturbing the system. For instance
if there is only lateral acceleration

f⃗ =

 fy
fy
fy


Therefore following through

A =

−Ka − 1/τlp −Kg 0
0 0 1/τlp

−Ka −Kg −1/τlp



B =

−Ka − 1/τlp 0 0
0 1

τlp
0

0 0 −Ka − 1/τlp


C =

1 0 0
0 1 0
0 0 τlp


D =

−1 0 0
0 0 0
0 0 −1


Now transforming this back one can obtain the gravito-inertial force to conflict trans-
fer functions.
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C.4. MSOM LATERAL RESPONSE DERIVATION
First the simpler system without the semi circular canals influence is derived. It is
assumed that the only forcing terms are fy and fz = f̂z = −k where b = 9.81. Here
fx = f̂x = 0.

The conflict terms are defined as

c⃗o = f⃗ − ⃗̂f

c⃗oa =
f⃗ x⃗̂f

| f⃗ ||⃗̂f |
Let us expand the otolith angle conflict in to vector form

|
i j k
fx fy fz
f̂x f̂y f̂z

|=
( fy f̂z − fz f̂y)i
−( fx f̂z − fz f̂x)j
( fx f̂y − fy f̂x)k

As fx = f̂x = 0 and fz = f̂z = k

f x f̂ =−b( fy − f̂y)i

Where all the other components are zero. As the equation above divides the cross
product by the magnitude of the respective vectors this too must be done. Assuming
small perturbation for fy the product of the magnitude of the two is b2 Therefore the
final otolith angle conflict may be written as

c⃗oa =
f⃗ x⃗̂f

| f⃗ ||⃗̂f |
= −1

k
( fy − f̂y)i, 0j, 0k

= −1
k

coyi, 0j, 0k

The way the magnitude error evolves can be written as

c⃗o = f⃗ − ⃗̂f

Where
⃗̂f = ⃗̂g −⃗̂a

Therefore
c⃗o = f⃗ − ⃗̂g +⃗̂a

As
⃗̂a = Ka c⃗o

c⃗o = f⃗ − ⃗̂g + Ka c⃗o
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Therefore the magnitude error can be written as

c⃗o = ( f⃗ − ⃗̂g)
1

1 − Ka

The derivative of this with respect to time gives

⃗̇co = (⃗̇f − ⃗̇̂g)
1

1 − Ka

Here ˙̂g can be determined by assuming that the gravity does not tilt substantially
away from the vertical. Such an assumption allows for the use of the small angle
approximation. Here gravity is tilted about the x axis due to the rotational velocity
of the otolith angle error multiplied by the gain K f Therefore the change in gravity
is given as

⃗̇̂g = 0i, K f coy j, −ωxbk

As the rate of change in gravity ˙̂g is zero in all but the lateral perturbation direction
this is the only relevant component of the magnitude conflict.Therefore substituting
the above equation

˙coy = ( ḟy − K f coy)
1

1 − Ka

Rearranging this gives

˙coy + coy
K f

1 − Ka
= ḟy

1
1 − Ka

Taking the Laplace transform yields

coy

fy
=

s( 1
1−Ka

)

s +
K f

1−Ka
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Propositions accompanying the dissertation

UNDERSTANDING AND MODELLING OF MOTION SICKNESS DEVELOPMENT
AND ITS INDIVIDUAL DIFFERENCES FOR THE COMFORTABLE CONTROL OF

AUTOMATED VEHICLES

by

Tuğrul IRMAK

1. Deterministic control theoretic modelling cannot explain motion sickness; prob-
abilistic sensory integration models are needed instead.

This proposition pertains to Chapter 5.

2. As a measure of motion sickness, subjective ratings are superior to physiolog-
ical data.

This proposition pertains to Chapter 2.

3. Optimising vehicle motions using group-averaged metrics will never give op-
timal group-averaged comfort.

This proposition pertains to Chapter 4.

4. Motion sickness accumulation is best modelled as a bistable system.

This proposition pertains to Chapter 3.

5. Motion sickness research especially suffers from the "replication crisis": all new
findings should be assumed false until confirmed by multiple replications

6. The difference between engineering and research is that research should not
exclusively focus on positive outcomes.

7. A final grade of 6.0 should be given more often for a Master’s thesis.

8. Fully automated vehicles will further reduce human autonomy.

9. Science cannot motivate public policy, only our values can.

10. Mask mandates did not have a measurable effect on the trajectory of the COVID-
19 pandemic.

These propositions are regarded as opposable and defendable, and have been
approved as such by the promotors Dr. ir. R. Happee and Dr. ir. D.M. Pool
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