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ARTICLE INFO ABSTRACT
Keywords: This paper investigates the effects of motion mismatches on simulator sickness and subjective
Simulator sickness ratings of the motion. In an open-loop driving simulator experiment, participants were driven

Driving simulation
Motion incongruences
Urban driving
Continuous ratings

through a recorded urban drive twelve times, in which mismatches were induced by manipu-
lating the following three aspects in motion cueing: (i) mismatches in specific vehicle axes, (ii)
mismatch types (scaling, missing, and false cues), and (iii) inconsistent scaling between different
motion axes. Subjects (N =52) reported simulator sickness post-hoc (after each drive), as well as
continuously during each drive, a first in simulator sickness research. Furthermore, subjective
post-hoc motion incongruence ratings on the quality of the motion were extracted. Results show
that longitudinal motion mismatches lead to the most simulator sickness and the highest ratings,
followed by mismatches in lateral motion, then yaw rate. False cues induce the most sickness,
followed by missing and then scaled motion. Inconsistent scaling between the axes has no signifi-
cant effect. The continuous sickness ratings support that the occurrence and severity of simulator
sickness are indeed related to mismatches in simulator motion of specific maneuvers. This pa-
per contributes to an improved understanding of the relationship between simulator motion and
sickness, allowing for more targeted motion cueing strategies to prevent and reduce sickness in
driving simulators. These strategies may include the appropriate selection of the simulator, the
motion cueing, and the sample of participants, following the presented results.

1. Introduction

SMULATOR SICKNESS poses a crucial issue in driving simulator when conducting user studies (Caird and Horrey, 2011; De Winter
et al., 2012). Although often considered a form of motion sickness (Johnson, 2007), simulator sickness can also occur without actual
physical movement, e.g., in static driving simulation. Symptoms of simulator sickness include dizziness, headache, sweating, stomach
awareness, and even nausea (Reason and Brand, 1975), making it an unpleasant experience. Apart from leading to a decreased sense
of presence (Almallah et al., 2021), simulator sickness can cause subjects dropping out of experiments, resulting in incomplete data
sets, requiring larger samples and increasing the costs of studies. It also negatively affects the validity of simulator studies, as subjects
may behave systematically different when experiencing symptoms of simulator sickness (Cobb et al., 1999; Igoshina et al., 2022).
For these reasons, simulator sickness is generally to be avoided and driving simulations that are expected to induce a high degree
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of sickness are ideally identified beforehand. These predictions would enable the testing of Motion Cueing Algorithms (MCAs) and
simulators without the need for test drivers, saving time and money. For this, predictive models, or at least descriptive knowledge, of
the quality of the motion and the induced level of simulator sickness would be of great use.

The occurrence of simulator sickness in driving simulators has been shown to depend on a variety of experiment variables, such
as the participant age (Keshavarz et al., 2018), as well as the driving scenario. For example, both Kliiver et al. (2015) and Mourant
and Thattacherry (2000) found simulator sickness to be more severe when simulating driving on rural roads compared to highway
driving. Similar results were obtained by Himmels et al. (2022), who additionally found that urban scenarios induce even more
sickness than rural scenarios. Real-life urban driving itself may already cause a high degree of motion sickness (Irmak et al., 2021;
Salter et al., 2019; Turner and Griffin, 2000). An additional issue for urban simulations is that the dynamic maneuvers involved, such
as sharp corners and frequent acceleration/deceleration, come with strong visual stimuli, while the corresponding physical motion
is difficult to reproduce on the motion platform. This can induce mismatches between expected and perceived motion. If a driver
notices these mismatches, the motion is defined as incongruent (Cleij et al., 2018). Subjective ratings on motion incongruences are
valuable information to obtain, as they can be used to identify the most critical mismatches in the simulator motion and through
mitigating these mismatches the simulation realism can be increased. Although it does not necessarily occur to all drivers, one of
the main theories in motion sickness research is that simulator sickness is the result of sensory conflicts (Bos, 2011; Reason, 1978),
and can arise in the presence of incongruent motion. If so, the question arising is then which mismatches induce incongruences and
simulator sickness the most, such that these can be systematically avoided. With knowledge on both phenomena, studies inducing
motion incongruences and/or a high degree of simulator sickness could then be identified before-hand, such that the most appropriate
simulator, MCA, and subject sample size can be selected.

In literature, apart from investigating the effect of scenario choice, most investigations focus on the benefits of particular motion
(sub)systems, as these designs often have the specific potential to reduce mismatches in a certain simulator Degree of Freedom (DoF).
For small, 3-DoF systems, Parduzi (2021) found no difference in simulator sickness compared to a static simulator. Zoller (2015)
even found an increase in sickness in a 3-DoF driving simulator, which was attributed to the limited motion space. More recent
work showed beneficial effects of using larger hexapod motion system with Y-drives (although small) (Kliiver et al., 2015) or even
XY-drives (Himmels et al., 2022). Although these studies provide insight in general qualities of various motion systems, the surplus
in available motion space does not inherently lead to smaller mismatches. For example, simulators combined with redundant rail
systems, such as the BMW Group’s Sapphire Space simulator, offer large potentials to drive urban scenarios with larger motion scaling
factors. However, they also have the potential to do more wrong, as false cues that might be negligible on a small system, also become
enlarged using higher scaling factors. Clearly, the top priority of any motion cueing system must be to minimize all cueing errors.
However, one could argue that the better the motion cueing can potentially be, it may be more important to focus on mitigating what
the simulator could be doing wrong instead of further optimizing what it is doing right.

Crucial for the prediction of simulator sickness would be to have a more refined understanding of how the mismatches between
expected and simulator motion actually contribute to the development of sickness symptoms. General scenario descriptions such as
“rural”, “highway”, or “urban” are not very informative about the tested route. To transfer (often expensively) gained knowledge
to scenarios that were not tested before, one must be able to attribute the emergence of simulator sickness to much more specific
properties during the scenario, such as mismatches in inertial motion while driving through curves, accelerating/decelerating, or
along roundabouts. Current sickness models lack any distinction between the different types of errors (such as scaled, missing, and
false cues) that may occur in such maneuvers: all different types of errors are treated as equally sickening (Irmak et al., 2023).
Furthermore, these models do not include the relative importance of the vehicle axes, such as longitudinal, lateral, and yaw motion.
Recent work Kolff et al. (2024) found that in the evaluation of the Perceived Motion Incongruence (PMI) (i.e., a driver’s opinion on
the (in)congruence of the simulator motion), mostly the accurate reproduction of the lateral and longitudinal specific force channels
are important (in this order), with an additional, minor, role of the yaw rate. If simulator sickness is caused by inertial motion
mismatches, this might suggest a similar division of the vehicle motion channels on simulator sickness. Currently, most research
deals with the topic at hand by acquiring sickness evaluations after a drive (“post-hoc”) (Himmels et al., 2022; Mourant et al., 2007).
Such evaluations are not detailed enough to link to specific mismatches during the drive. Continuous sickness ratings have been used
previously to overcome these issues (Irmak et al., 2021; Qiu et al., 2023). However, a systematic investigation on the importance of
mismatches in different vehicle axes as contributors to simulator sickness does not yet exist.

This paper aims at improving the understanding and the predictive capabilities regarding simulator sickness and motion incon-
gruence ratings based on objective mismatches of the simulator motion. In a dedicated driving simulator experiment, 52 participants
were driven as passengers (“open-loop”) through an urban simulation on BMW’s largest driving simulator “Sapphire Space”. Twelve
variations of motion cueing were tested, inducing scaled, missing, and false cue motion in the vehicle’s three main axes: longitudinal
(fy), lateral (f,), and yaw (@,). Subjects provided a Misery Scale (MISC) rating (Reuten et al., 2021) on their level of simulator
sickness, as well as a subjective rating on the (in)congruence of the motion after each drive (“post-hoc”). Subjects also identified
their current level of simulator sickness continuously during each drive using a rating knob, resulting in a continuous measurement,
similar to continuous ratings of motion incongruences (Cleij et al., 2018) but a first in simulator sickness research. This allows relating
sickness increments to specific events in the simulation, such as different driving maneuvers. An investigation of the importance of
(1) the three main axes, (2) the criticality of scaling, missing, and false cue motion, and (3) the importance of axis inconsistency
for simulator sickness is performed. The main contribution of this paper lies in providing a better understanding of how motion
mismatches cause simulator sickness and motion incongruence to increase.

The paper is structured as follows. Section 2 introduces the considered methods. Results are described in Section 3. This is followed
by a discussion in Section 4 and conclusions in Section 5.
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Fig. 1. Specific forces and rotational rates of a car, indicating the right-handed reference system used. The car illustration was generated using
DALL-E (OpenAl).
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Fig. 2. Block diagram of the human rating of PMI and simulator sickness, through an overall post-hoc MIR (OR ) and MISC (continuously: M (z),
post-hoc: M), respectively. The part “Driving Control” (red) is only present in closed-loop driving, and not active in the present experiment.
Figure adapted from Kolff et al. (2025).

2. Methods
2.1. Perceived motion incongruence

During the simulation, the vehicle model produces the reference motion that is to be reproduced by the simulator. This motion
consists of the three specific forces f, (longitudinal), £y (lateral), and f, (vertical). Furthermore, there are three rotational rates w,
(roll), w, (pitch), and w, (yaw), as shown in Fig. 1. Collectively, these motions are described by S,,,(#), as shown in Fig. 2, and
used as the reference to the Motion Control System. This block consists of two parts, the Motion Cueing Algorithm (MCA) and the
Motion System. The latter is the physical component of the simulator that produces the actual inertial motion. It is driven by the
MCA, which, using knowledge of the configuration and dimensions of the motion system, converts the vehicle motion to simulator
motion that can be reproduced by the motion system. Therefore, using the input signals S,,,(t), the Motion Control System gives
the output S,;,,(t). Differences between the vehicle reference and simulator motion signals are then the objective mismatches, i.e.,
AS (@) = Sy () — Sy @-

The blocks indicated by Perception of Motion then describe how humans perceive the simulator motion. They can notice a difference
(A) between the physical motion they perceive in the simulator and the motion they would expect to feel from the simulated vehicle.
This is known as the PMI (Cleij et al., 2018; Kolff et al., 2024), see Fig. 2. As the driver does not exactly know what the vehicle motion
would feel like in a particular situation (i.e., the signal S, is unavailable to them), they must use their internal representation (Stassen
et al., 1990) of the vehicle motion based on previous experience and the non-motion cues (e.g., visuals) provided in the simulation.
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Individual variations can arise due to different familiarity or experience with the simulated vehicle (Kolff et al., 2024). Note that thus
both the expected motion and the vehicle model motion S,,,(¢) are approximated versions of the real vehicle’s motion S,,,;,.

Although ideally the PMI would be measured directly, this is not possible, as it is “internal” to the driver. Instead, a Motion
Incongruence Rating (MIR) was asked from the drivers (Cleij et al., 2018). This is a subjective rating that represents the PMI. The PMI
and MIR can differ, as the latter can be affected by the rating response (Fig. 2). This can be affected by a variety of factors concerning
the experiment (Kolff et al., 2024), such as the participant’s understanding of the rating method, as well as the (participants response
to the) type of rating method used. In the present case, the rating aims to summarize the PMI across the whole drive. Such overall
ratings, denoted ORp; (see Fig. 2), are known to correlate well with the worst considered maneuver during a drive (Cleij et al., 2018;
Kolff et al., 2025, 2024). The subscript p;; denotes that the rating was acquired at the end of each drive, i.e., post-hoc. In the current
experiment, the rating values were on a semantic differential scale, ranging between values of 0 (fully congruent) and 10 (highly
incongruent), with steps of 1, to remain close to the work of Kolff et al. (2025, 2024).

Additionally, in closed-loop control (when driving the car oneself), the red path in Fig. 2 would be active, denoted by Driving
Control. In closed-loop control, an efference copy (Kolff et al., 2025; Mulder et al., 2022) of the intended control actions is used to
form the expected motion. The expected motion is then not only based on what drivers expect to feel from the non-inertial motion
cues, but also what they expect to feel as a result of their own intended control actions of the steering wheel, accelerator pedal, and
braking pedal deflections (6,(1), 6,(t), and 6,(r) respectively). In “open-loop” driving (being driven as passengers, as in the present
experiment), the lack of driving control implies that no efference copy is present. This means that the internal representation of
motion, and in turn the expected motion, is only fed by the non-inertial motion cues. Kolff et al. (2025) has shown that closed-loop
and open-loop driving are rated equivalently in an urban scenario.

2.2. MIR rating model

A rating model is used to predict the ratings based on objective mismatch signals. The latter are defined as the differences in inertial
motion (spec1f1c forces and rotational rates) between the vehicle motion S, , () and the simulator motion §xim’m @), i.e., A§m (1), with
P,,,(t) = |ASm(t)|. Here, m represents the mismatch type (specific force or rotational rate) and direction, e.g., m € [fy, fy, ..., ®,].
13,,,(1) represents the modeled PMI, which may differ from the real PMI of the driver, as defined in Fig. 2.

In Kolff et al. (2024) a linear model was proposed that predicts the continuous rating of the average participant. Its structure
consists of a first-order low-pass filter transfer function H,,(jw) between the absolute mismatch signal P, (r) and a modeled rating
signal R(7):

E(jw) - (jwa-:-cco > ZKﬁmﬁ'"(jw)’ @)

with the low-pass filter’s cut-off frequency @, and the gains of the several mismatch channels K . The ()-terms indicate the Fourier
transforms. The low-pass filter represents the participants’ lagged response to the mlsmatches "In Kolff et al. (2024) it was shown
that the continuous ratings of an Oracle MCA condition as measured in that study could be largely explained when considering
the longitudinal specific force mismatch ﬁf , lateral specific force mismatch Ff , as well as the yaw rate mismatch P, (i.e., m €
[fxs [y @ .1), with the parameters: w, = 0.52rad/s, K/ =0.62, K/ =1.11, and K m = 1.08. This model, denoted “p- ORC” was fitted
on rating data of the same Oracle algorithm as in the present chapter It is used instead of the more general “p-ALL”, which was
fitted on a combination of Oracle and Classical Washout Algorithm (CWA) rating data, as that model does not incorporate a yaw rate
mismatch component. Whereas the rating model of Kolff et al. (2024) was developed without deliberate missing or false cue motion,
the goal of the present rating model application is to study is validity under such error types.

Kolff et al. (2024) also investigated the relationship between continuous and post-hoc rating signals, from which it was found
that the latter is well described by the most incongruent point in the simulation (i.e., the point with the highest continuous rating).
Furthermore, the explicit rating relationship OR = 2.0 + 0.8 - max[R(r)] was found. Thus, using simulations of the continuous rating
signals, a prediction of the overall post-hoc can be made.

veh,m

2.3. Simulator sickness

The second quantity evaluated by the subjects was their own perceived level of simulator sickness. One of the main theories in
motion sickness research considers sensory-expectancy conflict as the prime cause for sickness (Bos, 2011; Reason, 1978). Here, the
conflict refers to a mismatch between the sensed sensory signals and the expected sensory signals (Irmak et al., 2023). Considering
the similarity with PMI here, it is likely that in the context of (driving) simulation, simulator sickness might result from PMI. However,
simulator sickness is a phenomenon that does not necessarily occur to everyone. Not only can individuals have different susceptibility
to motion and/or simulator sickness (some get sick easily, some never), expectation of the motion has also been shown to affect motion
sickness (Kuiper et al., 2020). Therefore, individuals with a lot of driving experience might get sick earlier than those without, as
they might notice the motion to be incongruent while their less-experienced colleagues may not. The “Sickness Response” block in
Fig. 2 represents this individual response.

For measuring the participants’ level of simulator sickness, the Misery Scale (MISC) (Bos et al., 2005; Wertheim et al., 2001) (or:
Motion Illness Symptoms Classification Scale) is often used. This 11-point symptom-based questionnaire ranges from 0 (no sickness)
to 10 (vomiting), see Table 1. Its intermediate values represent different levels of motion sickness, including dizziness, headache,
sweat, or stomach awareness (Reason and Brand, 1975). It relies on the fact that stronger sickness symptoms (nausea, vomiting) are
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Table 1
The Misery Scale (MISC), adapted from Bos et al. (2005).
Symptom Score
No problems 0
Slight discomfort but no specific symptoms 1
Dizziness, warm, headache, vague 2
stomach awareness, sweating, etc. some 3
medium 4
severe 5
Nausea some 6
medium 7
severe 8
Vomiting 10

usually preceded by lighter symptoms (headache, sweating, etc.) (Reason and Brand, 1975). Reuten et al. (2021) found that there
is a particular order in which sickness symptoms develop, confirming the progressiveness of the symptom-based MISC. MISC ratings
were further found to be highly correlated to unpleasantness ratings (Reuten et al., 2021; de Winkel et al., 2022). The MISC is a more
refined and single-item alternative to, for example, the sixteen-item Simulator Sickness Questionnaire (SSQ) (Kennedy et al., 1993),
which is too extensive for real-time use. The MISC is easy to understand and can be used with little training (Bos et al., 2010).

The MISC-value is usually given verbally after each drive, i.e., post-hoc, as will also be done here. This results in values of Mp,
as shown in Fig. 2. Another possibility is to ask for MISC values during a drive after a given interval, like every minute (Diels et al.,
2023; Hogerbrug et al., 2020) or every 30 or 40 s (Irmak et al., 2022, 2021). A benefit of the latter approach is the higher temporal
resolution, as sickness symptoms might build up and/or disappear during a drive, which cannot be measured using post-hoc ratings. A
drawback, however, is that repeatedly asking subjects to rate their well-being, reminds them to think about how they feel, which may
affect the MISC values. Furthermore, even a 30-s resolution might be insufficient to relate specific maneuvers and sickness, especially
in very dynamic urban scenarios.

In the present experiment a novel approach to obtaining MISC ratings during the drive was tested. Here, participants could provide
the MISC rating at any time during the drive, through a rating interface (See Fig. 2), and were instructed to only change their rating
when they noticed a change in their well-being. As a novelty in simulator sickness research, but similar to its use in general motion
sickness research (Qiu et al., 2023), the resulting ‘real-time’ rating M (¢), yields a continuous rating of simulator sickness, rather than
measuring on fixed intervals. Through obtaining the MISC as soon as it changes, it should become more clear which maneuvers or
parts of a drive affect simulator sickness. While this approach potentially reduces the impact of measurement interference mentioned
above, a potential risk is that, in due time, some participants may forget to change the rating.

2.4. Sample

In total, 52 subjects participated in the experiment (43 men, 9 women). All participants were in the possession of a European
car driver’s license B. The average age was M = 41yrs (SD = 8yrs). 43 participants had experience with simulator driving. The
experiment was terminated if a participant reached a post-hoc MISC value of six in two successive drives (some nausea), or a value
of seven or higher in a single drive (medium nausea; for an explanation of MISC ratings, see Table 1. This was the case for four
participants, all males. In two additional cases the experiment could not be completed due to technical issues. A total of 46 (52 — 6)
complete data sets were obtained. The six incomplete data sets were excluded from analysis.

All participants were employees of the BMW Group and participated in the study on a voluntary basis during their regular working
hours. Participants were not specifically selected for their own estimated sensitivity to simulator sickness, to obtain a representative
group of participants. They were informed about the purpose of the study. The participation could be ended at any time on the
participants’ initiative without consequences. The experiment was approved following BMW’s internal ethics review procedures. All
participants provided informed consent.

2.5. Scenario

A single recorded drive through an urban environment was used, see Fig. 3a. This scenario was based on the driven route used in
Kolff et al. (2024), although a new recording was used and the route was shortened to last 133.8s. It consisted of several maneuvers
typical for urban driving: accelerations (‘ACC#’), decelerations (‘DEC#’), three 90° corners (‘CR#’), and a roundabout (‘RBT’). The
highest occurring speed in the recording was 50 km/h. Traffic was not simulated, i.e., there were no other road users.

2.6. Apparatus

The experiment was performed on the BMW Group’s Sapphire Space simulator, see Fig. 4a. The motion system has nine DoFs,
consisting of three subsystems: a 19.14m x 15.70m XY-drive, a 1.15m stroke hexapod and a 360° yaw-drive. The simulator is fully
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(a) Top-down view of the driven route, containing (b) The Misery Scale (MISC) value given by the participants as visible in the
corners (CR#), accelerations (AC#) decelerations simulated scene, consisting of a coloured bar and the numeric value (currently
(DC#), and a roundabout (RBT#). set to 7).

Fig. 3. The scenario.

(a) The Sapphire Space simulator (Image: BMW Group) (b) The iDrive rating knob, used for the extraction
of the continuous Misery Scale (MISC) values, indi-
cated by the white box.

Fig. 4. The experiment set-up.

enclosed by a dome, in which a BMW X5 series (G05) vehicle mockup was placed. The steering wheel rotated corresponding to the
simulated drive.

The iDrive navigation knob on the center console (Fig. 4b) was used as the rating interface by the drivers to provide the continuous
MISC rating (denoted as M (1)). Inside the dome, visuals were rendered using Unreal Engine and displayed using 12 Norxe P1 projectors,
resulting in a full 360° projection in the dome. The current MISC rating value in the form of a ‘rating bar’ was visible in the central
field of view in a type of head-up display. The size and color of this rating bar changed (see screenshot in Fig. 3b) from rating 0 (short,
white) to rating 10 (long, red), to make the rating method more intuitive for drivers to use. The current numerical MISC value of the
participants was also displayed on the rating bar. The full MISC including verbal anchors was furthermore displayed on the vehicle
Central Information Display (CID) throughout the drives. The velocity of the vehicle was visible on the tachometer on the dashboard
and in a head-up display alike screen projection, together with the driving direction (arrows).
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Table 2
Scaling factors of the vehicle data in each direction for each condition. Bold values highlight the
manipulated motion channels.

Baseline  Scaling Missing False
Axis A B C D E F G H I J K L
long. (f,) 0.8 04 0.8 0.8 04 0.0 0.8 0.8 0.0 -038 0.8 0.8
lat. (f,) 0.8 08 04 08 04 08 00 08 00 08 -08 08
yaw (w,) 0.8 0.8 0.8 04 04 0.8 0.8 0.0 0.0 0.8 0.8 -0.8

2.7. Independent variables

The experiment tested twelve variations of motion cueing using the optimization-based MCA described in Ellensohn et al. (2019).
Here, the simulator motion is optimized beforehand by minimizing the difference between the reference drive and simulator motion
along the whole drive. It is referred to as Oracle motion cueing due to its knowledge of all future states (only possible when using
a pre-recorded drive) and represents the best-possible motion cueing for a given simulator and recorded drive (Kolff et al., 2022).
The combination of Oracle motion cueing and the Sapphire Space’s large and dynamic workspace allows for motion cueing with high
scaling factors (Kolff et al., 2022). For the considered urban scenario, it was iteratively found that values of 0.8 were the highest
possible scaling factors in all directions that still fit in the workspace of the simulator. A higher scaling factor would have resulted
in the simulator reaching its limits. The corresponding motion was used as the baseline condition ‘A’. The other eleven experimental
conditions (labeled ‘B’ to ‘L’) were variations of the baseline condition ‘A’, but then containing scaled, missing, and false cue motion
in the three main vehicle directions (longitudinal, lateral, and yaw). These three motion were chosen as these typically dominate the
motion of vehicles in urban environments (Ellensohn, 2020), compared to the relatively small roll, pitch, and vertical motions.

To investigate the dependency on these specific vehicle axes, the specific forces and rotational rates that act on the simulator
cabin must be manipulated. These are the outputs of the Oracle algorithm. Because of the presence of the simulator’s yaw-drive, a
simulator motion in a certain direction in its inertial frame does not necessarily equate to a motion in the same direction as acting on
the simulator cabin. For example, a longitudinal simulator motion under a 90° yaw-drive angle will result in a lateral motion acting
on the simulator cabin (Kolff et al., 2023). Thus, to manipulate the forces acting on the cabin, it is not possible to turn off a specific
simulator axis. Rather, the non-linear simulator motion must be optimized using Oracle to produce the manipulated motion as its
output. Therefore, Oracle was run twelve times separately, once for each condition, using scaling factors on the vehicle reference data
(0.4 for scaled, 0 for missing, and —0.8 for false cue motion) in the relevant directions, see Table 2. This thus allows for investigating
the effect of scaled, missing, and false cue motion in the three main vehicle DoFs. Note that this also includes the overall scaling
factor of 0.8. Although Oracle would also be able to scale down the motion itself as a result of its optimization, this ‘pre-scaling’ of the
vehicle reference input was used to ensure that the motion channels that were not manipulated in a specific condition were always
scaled down using the same factor. Otherwise, depending on the condition, Oracle could have either less or more workspace available
in the other directions, resulting in different scaling factors between the conditions in the non-manipulated axes. The results of these
optimizations are shown in Fig. 5. In two conditions (‘E’ and ‘T’), the motion was manipulated in all three axes, such that the axis
manipulations are consistent with each other. The scaling factors for the baseline motion (0.8) and scaled motion (0.4) were chosen
as they correspond to the upper and lower scaling factor values considered to be acceptable by participants in driving simulation
(Berthoz et al., 2013). Note that the various conditions were constructed based on the combinations of the profiles presented in Fig. 5.
For example, the longitudinal false cue condition “J” contains the false cue (red) profile from Fig. 5a, and the baseline (grey) profiles
from Fig. 5b-f.

Note that only the scaling factors of the f,, f,, and w, motion channels were varied. The vertical (f,) channel, as well as the
rotational roll (w,) and pitch (w,) rate channels was exactly the same in all conditions, even in condition ‘I’. This resulted in a fairer
comparison with the conditions in which the motion was dominant and active. Considering the terrain flatness in the scenario and
the corresponding small roll and pitch rotational rates, the magnitudes of these signals were very small (grey lines in 5e-d). In all
conditions, Oracle applied tilt-coordination, in which a rotation of the simulator cabin is used to generate a sustained specific force
through the gravity vector (Stratulat et al., 2011). For this to be also perceived as a pure sustained acceleration by the participants,
the associated rotational motion must be below the perceptual threshold. Therefore, the Oracle was constrained to keep the rotational
rates o, and , below <3 deg/s (Reymond and Kemeny, 2000). As a rotation around the z-axis does not result in a sustained specific
force (Kolff et al., 2023) and cannot be used for tilt-coordination, the w, channel was not constrained.

2.8. Procedures

The participants first completed a pre-questionnaire including demographic questions as well as questions related to simulator
sickness experience. The latter was done using the Motion Sickness History Questionnaire (MSHQ) (Griffin and Howarth, 2000).
Participants were then led to the simulator and given a safety briefing. Each subject experienced all twelve cueing variants, resulting
in twelve rides of 133.8 s each (total driving time: about 27 min per subject). The order of the conditions was counter-balanced between
participants using the Latin-square method to minimize order effects between the conditions. With 46 participants and 12 conditions,
the Latin square was unfinished.
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Fig. 5. Motion mismatch profiles of the various conditions. In this figure the black lines represent the vehicle data, grey lines the baseline simulator
output (0.8), green lines the scaled output (0.4), yellow lines the missing output (0.0), and red lines the false direction output (—0.8).

During the drives, the participants’ task was to continuously evaluate their MISC-level using the rating knob. After each drive
(post-hoc), participants verbally answered a questionnaire on their MISC level at that moment, as well as their subjective rating on
the overall quality of the motion (MIR). The questionnaire further included a question related to the perceived match of motion and
visuals, a question on perceived realism, and a question on the sense of presence. Any question wordings and scales, including the
MISC, were displayed continuously on the central display inside the vehicle for reference. Only MISC and MIR are further evaluated
in the present chapter.

After the sixth drive, a five-minute break was held, in which participants were also allowed to step out of the simulator. This break
was included to allow for some relief for the participants’ eyes and from the rating tasks, as well as to reduce the level of simulator
sickness to make sure that more participants could finish the whole experiment. Due to this break, it is possible that the carry-over
effect of simulator sickness that is present between all conditions is not present between the conditions directly before and after the
break, thus affecting the simulator sickness results. However, due to the different order in which the conditions were presented to the
participants, the condition after which this break occurred differed per participant, which should thus cancel out over all participants.

2.9. Hypotheses

The two dependent measures in the experiment, MIR and MISC, are clearly related. However, their exact relation is unknown and
likely to be nonlinear, as high MIR ratings may not necessarily lead to high MISC ratings (i.e., motion can be mismatched, but not
sickening). Furthermore, some participants can be expected to be quite capable of indicating incongruent motion while for them this
incongruent motion does not lead to simulator sickness.

The following hypotheses are tested with regard to motion incongruences (MIR):

H1: False cues (conditions J-K-L) receive the highest MIR values, followed by missing cues (conditions F-G-H-I), and then the
scaled motion cues (conditions B-C-D-E).

H2: Mismatches in the f, ) (lateral), f, (longitudinal), and @, (yaw) channels lead to an increase in MIR, in this order of severity
(confirmation of Kolff et al., 2024).

The following hypotheses are tested with regard to simulator sickness (MISC):
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Table 3
Effects considered in the model. The fixed effect is nested
within the levels of the random effects.

effect type  levels

cueing condition fixed A-L (see Table 2)

axis inconsistency ~ random yes, no

axis random S [y @

error type random scaling, missing, false
Table 4

Cueing condition as nested in ‘axis inconsistency’, ‘axis’,
and ‘error type’. Empty cells (-) indicate that no level was
assigned to the cueing condition, resulting in a different
number of observations depending on the random effects
included in each tested model.

condition axis inconsistency axis error type

A (0.80.80.8) no . .
B (0.4 0.8 0.8) yes Long. scaling

C(0.8040.8) yes Lat. scaling
D (0.80.804) yes Yaw scaling
E(0.40404) no . scaling
F (0.00.80.8) yes Long. missing
G (0.80.00.8) yes Lat. missing
H (0.8 0.8 0.0) yes Yaw missing
1(0.00.00.0) no . missing
J(-0.80.80.8) yes Long. false

K (0.8 —0.8 0.8) yes Lat. false

L (0.80.8 —-0.8) yes Yaw false

H3: False cues (conditions J-K-L) receive the highest MISC values, followed by missing cues (conditions F-G-H-I), and then the
scaled motion cues (conditions B-C-D-E).
H4: Mismatches in the £y (lateral), f, (longitudinal), and @, (yaw) channels lead to an increase in MISC, in this order of severity.

3. Results

The experiment had an incomplete factorial design with two varied factors: the ‘axis’ (longitudinal, lateral, or yaw) in which the
mismatch was induced, and the ‘error type’ (scaling, missing, false). The levels of one factor were not always present in all levels
of another factor (e.g., condition ‘A’ does not have a manipulation in ‘axis’). This makes the use of a typical two-way Analysis of
Variance (ANOVA) for statistical analysis of the data infeasible. For the post-hoc ratings, linear models were therefore built with
several fixed and random predictors: ‘condition’ (fixed) nested within the random factors ‘axis’, and ‘error type’ (Table 3). Then, it
was determined which of these predictors explain a relevant share of variance in post-hoc MIR.

Although not part of the hypotheses, the variable ‘axis inconsistency’ was also considered, to exploratively investigate whether
there are effects of manipulating one axis in isolation in contrast to manipulating all axes at the same time. Therefore, ‘axis incon-
sistency’, ‘axis’, and ‘error type’ are considered as (higher level) random effects in the linear model, in which the ‘cueing condition’
(considered as fixed effect) is nested, see Table 3. The levels of the random effects were assigned to the cueing condition levels as
described in Table 4.

3.1. Post-hoc MIR ratings

The post-hoc overall MIR ratings of the twelve conditions are illustrated in Fig. 6. Here, for the predictors ‘subject’ and ‘condition’,
the Intraclass Correlation Coefficient (ICC) and R? values are displayed. Residual maximum likelihood was applied as method for
mixed models, as this is more suitable than maximum likelihood when interested in the relevance of random effects. We do not report
significance tests, as likelihood ratio testpvalues have been found to be conservative (Pinheiro and Bates, 2000). Further, step-wise
testing has been criticized in the past as a misuse of hypothesis testing (Whittingham et al., 2006). Instead, the data are analyzed
based on Akaike’s Information Criterium (AIC). Here, the measure of fit is calculated based on deviance, while penalizing complexity
(Bolker et al., 2009). While the AIC avoids step-wise procedures, it may still over fit, and thus suffer from the same issue like the
likelihood ratio test’s p. Differences in AIC values of 2 or more are considered relevant (Burnham et al., 1998).

The random effects were first added to the model independently, to see whether they can be considered relevant at all (Field et al.,
2012). This step shows only a small decrease in AIC when including ‘axis inconsistency’ and will therefore not be considered further.
A better model fit is obtained when including ‘axis’ and ‘error type’ as random factors. Especially the ‘axis’ provides a large decrease
in AIC and is thus the most critical predictor to include in the model. Including both axis and error type (model 5 in Table 5) results
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Fig. 6. Post-hoc Motion Incongruence Rating (MIR) values and model predictions for the considered levels. Green, yellow, and red indicate scaling,
missing, and false cue errors, respectively. Grey (condition ‘A’) is the baseline. For each condition in Fig. 6a, the manipulated Degree of Freedom (DoF)
is indicated (longitudinal, lateral, or yaw). LLY indicates manipulations in longitudinal, lateral, and yaw directions. The star symbols indicate
significant differences.

Table 5

Model performance comparison with varying predictors, dependent measure: post-hoc Motion Incongruence
Rating (MIR). The values of Intraclass Correlation Coefficient (ICC) and R? cannot be provided for the random
effects models. Model 5 (bold) performs best in terms of the Akaike’s Information Criterium (AIC).

model #  predictors ICC ICC R? R? AIC
(adj.) (unadj.) (conditional) (marginal)

0 subject .08 .08 .08 .00 2976.93
1 condition; subject .24 13 .59 .45 2575.28
2 condition, subject, axis inconsistency 2574.31
3 condition, subject, error type 2566.34
4 condition, subject, axis 1934.49
5 condition, subject, error type, axis 1925.96

in the lowest AIC value and is therefore the best model. It performs better than model 1 (fixed-effect only) and the models including
only one random effect (models 3 and 4), confirming that there are indeed effects of axis and error type on the MIR, see Fig. 6a.

Fig. 6b shows the comparison of the error type (levels tested: baseline, scaling, missing, false). The baseline cueing condition A
was included as a fourth level. The MIRs were lowest for baseline and scaling, followed by missing and then false cues in ascending
order, confirming Hypothesis H1. The effects were subjected to Bonferroni-corrected pairwise post-hoc tests to determine which
factor levels of the random effects actually differ. These tests indicated no difference between baseline (A) and scaling, but significant
differences across all other conditions. As the number of observations and conditions with each level considered in the post-hoc test
vary, the consistent cueing conditions A (0.8 0.8 0.8), E (0.4 0.4 0.4), and I (0.0 0.0 0.0) were also considered separately, see Fig. 6¢. This
comparison confirms that there was no significant difference between the baseline (A) and scaled motion (E), but both of them being
advantageous over missing motion (I). As there was no condition with full, consistent false cue motion (—0.8 —0.8 —0.8), a similar
comparison for false cue motion was not possible.

Finally, Fig. 6d shows the MIRs grouped per axis. The lateral specific force manipulations result in the highest MIR (i.e., worst
ratings), followed by the longitudinal specific force and then the yaw rotational rate. This order is the same as described in Kolff et al.
(2024) and supports Hypothesis H2. However, the post-hoc tests show a significant difference only between the lateral and the yaw
axis. This indicates that a mismatch in the yaw rate (w,) affects the MIRs less negatively than a mismatch in the lateral specific force
(f,) does. Thus, decreasing the lateral specific force mismatches are more important for reducing MIRs than the yaw rate mismatches.
There were no significant differences across the mismatches of f, and f, or f, and w,. Thus, Hypothesis H2 can only be partially
confirmed with statistical significance.
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Table 6
Gains and cost function values of the four evaluated MIR rating models. The gains of the models
p-ORC/p-ORC SR come from Kolff et al. (2024).

model ref.scaling K, K, K, K, K Z(ORpy—ORpy?/12
p-ORC 1.0 062 111 108 1.0 1.0 382
p-ORC SR 0.6 062 111 1.08 1.0 1.0 555
p-ORC WM 1.0 112 073 349 20 20 033
p-ORCSR/WM 0.6 1.05 0.65 451 3.0 3.0 0.20

Table 7

Model performance comparison with varying predictors, dependent measure: post-hoc Misery Scale (MISC).
Intraclass Correlation Coefficient (ICC) and R? values cannot be provided for the random effects models.
Model 5 (bold) performs best in terms of the Akaike’s Information Criterium (AIC).

model #  predictors ICC ICC R? R? AIC
(adj.) (unadj.) (conditional) (marginal)

0 subject .53 .53 .53 .00 1568.49
1 condition, subject .58 .55 .61 .06 1527.93
2 condition, subject, axis inconsistency 1529.93
3 condition, subject, error type 1497.96
4 condition, subject, axis 1205.59
5 condition, subject, error type, axis 1179.26

3.2. MIR rating predictions

The p-ORC model of Kolff et al. (2024) is now applied to check its validity under the various motion manipulations. Fig. 6a
shows the model (crosses), predicting the overall ratings per condition. The model overestimates ratings of the scaling conditions and
underestimates those of the missing and false cue conditions. Furthermore, more clearly visible in Fig. 6d, a different balance in the
three axes is present than what the rating model predicts. Based on the presented findings of the experiments’ measured MIRs, two
improvements to the rating model can be proposed.

First, considering the finding that there is no significant difference between the baseline (scaling of 0.8) and scaling motion (scaling
of 0.4), which is in line with the preferred scaling range of 0.4 — 0.8 found by Berthoz et al. (2013), an adaptation to the input of the
rating model can be made. Instead of taking the full vehicle reference in the calculation of S,,(r) in (1), a reference scaling of 0.65,,(t)
is applied. This results in the new model “p-ORC SR”, with SR indicating “Scaled Reference”. This model is indeed better able to
predict the scaled conditions (as indicated by the triangles, also visible in Fig. 6¢ and b), but underpredicts the error type and axis
levels.

The second improvement applied to the model was therefore to consider additional gains on the missing and false cue conditions,
i.e., K, and K . The rationale is that humans might rate these types of motion disproportionally worse than that the linear rating
model predicts (Cleij, 2020). These gains were only applied on the mismatch signals in which the missing or false cue motion
was active. The gains of the three axes are also adjusted, ie., K; , K 0 and K, to find updated values compared to Kolff et al.
(2024). Together, the gains are optimized to minimize the average quadratlc difference between the measuring and predicted post-
hoc overall ratings, i.e., Y(ORpj — ORp)?/Noong» With N,,,; = 12 the number of conditions. The optimization was performed
using a Nelder-Mead algorithm in Matlab. As this procedure does not guarantee finding a global optimum (Kolff et al., 2024), the
procedure was repeated 50 times with randomly generated initial values of the five gains. To simplify the procedure, the missing
and false cue gains K,,. and K. were only allowed to attain more physically interpretable values, i.e., rounded to half values, e.g.,
K,. €[00, 0.5, 1.0, ... 4.0].

The resulting weighted mismatches (WM) model also includes the SR logic and is therefore denoted as p-ORC SR/WM. This model,
with updated weights, indeed performs much better in predicting the overall post-hoc ratings, as visible by the circles in Fig. 6a. Table 6
shows the parameters of the various models as well as the fit quality, confirming that the model p-ORC SR/WM strongly outperforms
both the p-ORC and p-ORC SR models. The weights for the missing and false cue motions, K,,. = 3.0 and K ;. = 3.0, respectively, were
best found to measure the rating data. This indicates that these error types were rated three tlmes higher than the linear rating model
p-ORC predicts. The model also outperforms a variant without the SR logic, i.e., fitted to the full reference motion (p-ORC WM).

3.3. Post-hoc MISC ratings

The post-hoc MISC data were subjected to the same analysis steps as the post-hoc MIR ratings. An analysis on the AIC of the various
model predictors (Table 7) shows that, similar to the post-hoc overall MIR analysis, the model fit did not improve significantly when
adding ‘axis inconsistency’ as random effect. The fit did improve when adding ‘error type’ and ‘axis’ independently compared to the
fixed effect-only model. Similar to the post-hoc overall MIR predictors, the largest AIC reduction of a single predictor is achieved
using the ‘axis’. Furthermore similar, the random intercept model 5, including axis and error type, has the lowest AIC value and thus
performed best. This indicates effects of both error type and axis on simulator sickness.
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Fig. 7. Post-hoc Misery Scale (MISC) values for the considered levels. Green, yellow, and red lines indicate scaling, missing, and false cue errors, re-
spectively. Grey line (condition ‘A’) is the baseline. For each condition in Fig. 6a, the manipulated Degree of Freedom (DoF) is indicated (longitudinal,
lateral, or yaw). LLY indicates manipulations in longitudinal, lateral, and yaw directions. The star symbols indicate significant differences.
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Fig. 8. Relations of the post-hoc Misery Scale (MISC) ratings.

Fig. 7a shows the post-hoc MISC distributions per condition. Note that here it is clear that, when considering the whole group,
the participants did not get very sick, considering Mpy < 3. The distributions grouped per error type are shown in Fig. 7b. Here,
the groups differ significantly except for baseline and scaling (similar to the MIR results), with baseline and scaling inducing the
lowest ratings of simulator sickness, followed by missing and false. Conditions A (0.8 0.8 0.8), E (0.4 0.4 0.4), and I (0.0 0.0 0.0) were
again also considered separately, confirming that there was indeed no significant difference between the baseline and scaled motion
conditions, but both the baseline and scaled motion conditions being advantageous over missing motion (see Fig. 7c); Hypothesis
H3 can therefore be confirmed. Finally, Fig. 7d shows the conditions grouped by axis. Here, the longitudinal specific force motion
induces most sickness, followed by the yaw rate motion, and then the lateral specific force motion. The post-hoc tests did not yield
any significant results, indicating that effects were too small (and hence: practically less relevant) to be detected by the corrected
post-hoc tests (Fig. 7d); Although the nested model analysis from Table 7 points at the existence of an effect, Hypothesis H4 cannot
be confirmed.

One possible concern of the experiment was the occurrence of carry-over effects between the runs. Fig. 8a shows the increase
in Mpy over the twelve runs during the experiment, averaged over the participants. Note that, due to the different order of the
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experimental conditions presented to the participants, the actual underlying tested condition in each run differs per participant. The
straight line represents a linear regression to the data points with a slope of 0.011. This implies that over the twelve runs, there is a
slight build-up in MISC, resulting in an overall MISC increase of 12 - 0.011 = 0.13. This low value shows that participants barely got
more sick throughout the experiment, showing that the carry-over effects between the conditions were indeed limited. However, the
break that was taken between runs 6 and 7 is visible, as this holds the largest decrease in M, between any two runs.

3.4. Relating post-hoc MIR and MISC ratings

Considering that the extraction of the post-hoc MIR and MISC values occurred at the same point in time, it is possible that
participants’ answer for both are directly correlated. Therefore, Fig. 8b shows, for each subject, the Pearson correlation between
the post-hoc MISC and MIR values as a function of the average post-hoc MISC value. The figure shows that for subjects that do not
get sick (i.e., low MISCpy;, the correlation values show a large range between —0.4 and 1.0. For most subjects (83 %) the correlation
is low (< 0.6), indicating that they answered the questions on MIR and MISC in different ways. However, for subjects with higher
MISC values, these values correlate better to the MIR, up to a correlation of 1.0, whereas low correlations do not occur anymore. For
these subjects, how sick they feel corresponds to how they disapprove the motion. This might indicate that the MIR can indeed be
affected by the participants’ current level of simulator sickness. The participants with a negative correlation gave lower MIR values
for conditions where they indicated to get more sick (higher MISC), although this only happened to five participants and with low
correlation values (< —0.2), which might not be of practical significance.

3.5. Continuous MISC ratings

The continuous MISC ratings obtained during the simulations are shown in Fig. 9. Note that the subfigure names correspond to the
conditions (‘A’ to ‘L”). The lines represent the mean values over all participants; the spreads indicate the 95 % confidence intervals.
The maneuvers as defined in Fig. 3a are indicated as a reference. Note that the values are generally low (<2), as they also include
the participants that rated their simulator sickness with 0 all the time.

The colors green, yellow, and red indicate the scaling, missing, and false cue conditions, respectively, similar to Figs. 6 and 7. In all
figures, the coloured circles indicate the post-hoc MISC values given after each drive, averaged over all participants. As explained in
Section 2.8, participants were instructed to let the post-hoc MISC value represent the level of simulator sickness at that point in time,
i.e., after the run. Therefore, this should be similar to the last continuous rating given, although there is some time (approximately
ten seconds) between their extraction. Generally, these values indeed correspond well; in 76 % of the cases the same value was given
(over all conditions), which shows the validity of the continuous MISC rating method. Note that the continuous rating value was not
reset to 0 at the start of each run. Therefore, at the start of each run it starts at the last logged value of the previous run. As is visible
in most conditions (such as Fig. 9K), participants here decrease the M () value. This is likely caused by the small ‘breaks’ between
the conditions, lasting around 30 s, allowing for some relief and resulting in participants decreasing the rating right at the start of the
next run.

Considering the difficulty of statistically analyzing differences in continuous ratings, the analysis on the differences between the
conditions is only provided qualitatively. Comparing the conditions without axis inconsistency (Fig. 9A and E) shows that whereas
lower MCA gains do not result in an increase in simulator sickness, even though mismatches are present, providing no motion in the
three main axes does, see Fig. 91. The ratings are even similar in magnitude to the conditions with false cue motion (9J-L). For the
scaled conditions with axis inconsistencies (Fig. 9B-D), i.e., conditions were only one axis was scaled down to 0.4, no clear increase
in sickness is visible over time. Comparing scaled and missing motion (with axis inconsistencies, Fig. 9B-D vs. Fig. 9F-H), the MISC-
values do increase over time. This shows that providing a form of scaled motion, even in case of inconsistencies, has a beneficial
effect on simulator sickness compared to when a motion channel is not active at all. Finally, for the false cue conditions (Fig. 9J-L),
the MISC values are the highest. Here, it is also visible that the MISC-values increase as a function of specific maneuvers. For the
condition ‘J’, with false cue motion in the longitudinal channel, the reported MISC values especially increase after strong longitudinal
false cues, for example at ‘DEC3’, the final braking maneuver. Similarly, conditions ‘K’ and ‘L’ increase most after corner maneuvers,
such as the roundabout (‘RBT’).

4. Discussion

The presented study investigated the effects of motion mismatches on motion incongruence ratings as well as simulator sickness.
Scaled, missing, and false motions were systematically applied to the longitudinal (f,), lateral (f,), and yaw (@) channels. Participants
rated their level of simulator sickness using the MISC (Reuten et al., 2021; Wertheim et al., 2001), both continuously during the drive
as well as directly after (post-hoc). They also rated the incongruence of the motion, using a post-hoc MIR. They also rated their level
of simulator sickness using the MISC (Reuten et al., 2021; Wertheim et al., 2001), both continuously during the drive as well as
post-hoc.

4.1. Post-hoc MIR ratings

The post-hoc MIR ratings show strong evidence of an effect of error type, with false cues inducing the highest MIRs, followed
by missing and scaled cues, confirming Hypothesis H1 with regard to post-hoc ratings. There was no significant difference across
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baseline and scaled motion. There was evidence of an effect of the axis. The lateral specific force (f, ) mismatch was indeed found to
be the most critical for the MIRs, followed by longitudinal specific force (f,), then yaw rate (w,) mismatches. This is in line with the
findings of Kolff et al. (2024). Significant differences were only found between w, and f,. Concluding, these findings only partially
conform Hypothesis H2.

4.2. MIR rating predictions

Applying the model of Kolff et al. (2024) resulted in overall values that underestimated rating of the missing and false cue
conditions. The model that best predicts the data uses a combination of vehicle reference input scaling of 0.6 and applying additional
weights of 3 to the missing and false cue motion. This thus results in an updated model structure, compared to (1):

R = (1555 ) 2 KurcK, (165 nntion = Sanntion] ). @
with K, ¢ the gain for the missing and false cue motion. Furthermore, the weights of the three mismatch channels were retuned
through a fitting procedure to accurately predict the ratings of the twelve conditions tested in the experiment. Due to the “extreme”
conditions, where full false cue motion is not representative of realistic driving simulator experiments, the found mismatch weights
might be less representative than the parameters found in Kolff et al. (2024), which was further validated in Kolff et al. (2025).
Further validation through future work is required to test whether the updated model may indeed still be valid for realistic motion
profiles such as presented in Kolff et al. (2024) and Kolff et al. (2025).

4.3. Post-hoc MISC ratings

The analysis of the post-hoc MISC ratings indicated no relevant effect of axis mismatches. Regarding effects of different error types,
false cues had the most negative effect on rated simulator sickness, followed by missing cues, and then scaled motion, confirming
Hypothesis H3. Ratings for scaled motion did not significantly differ from those obtained in baseline motion. Although the model
comparisons suggest an effect of the axis, the pairwise post-hoc tests were all non-significant, such that Hypothesis H4 cannot be
accepted. Longer exposure times or more distinctions between the conditions would likely have been beneficial to find stronger
differences in the post-hoc MISC ratings.

The confirmed Hypothesis H3 stated that false cues are worse than missing cues, and these are worse than scaling errors. Similar to
the confirmed Hypothesis H1, both hypotheses can be interpreted differently, namely that false cues are not just worse than missing
cues, but also disproportionately worse. The fact that false cues are rated worse than missing cues might explained by their larger
objective mismatch. Hence, it is recommended to further investigate the roles of scaling, missing, and false cues in the case of equal
mismatch magnitudes, as this could reveal whether the type of error induces relatively high or little simulator sickness and/or MIRs.

4.4. Continuous MISC ratings

Continuous MISC ratings of the level of simulator sickness hlwere also recorded. For the first time in simulator sickness research,
participants could change the MISC hlrating at their own initiative These acquired ratings provided results that seem intuitively
correct, namely that the ratings increase for maneuvers relevant for the specific condition (corners for lateral and yaw motion,
accelerations/decelerations for longitudinal motion). Considering the similarity of the last given values and the post-hoc MISC -
with post-hoc ratings being widely accepted as a measure of simulator sickness — this supports that the simulator sickness is a direct
result of the motion mismatches, making the continuous rating method seem valid for measuring MISC values. The continuous MISC
rating results furthermore allow an investigation how unpleasantness and/or simulator sickness is directly related to the mismatches
of specific maneuvers. Reducing these mismatches will then automatically reduce simulator sickness. For experiments focusing on
the modelling of motion or simulator sickness, such as Irmak et al. (2023), the continuous rating method thus also provides a useful
alternative tool for obtaining high-resolution data on sickness. As a logical next step, it is suggested to investigate whether the acquired
continuous MISC ratings can be predicted using a MIR rating model. For example, it is possible that the level of simulator sickness
can be represented by an integrated MIR over time. There may be, however, substantial differences between predicting the MIR and
the MISC. The MIR serves as an almost instantaneous method of measuring motion incongruences, whereas the MISC measures more
slowly occurring effects. Brief, subtle cueing errors are therefore measurably expressed in the MIR, but will be virtually invisible in the
MISC. In that case, integrating the MIR over time may thus differ from the MISC. Whereas this goes beyond the scope of the current
paper, this could be done, for example, in a study in which both the MIR and the MISC are measured continuously and subsequently
compared.

4.5. Implications

The presented quality levels in terms of MIR and MISC provide useful insights for planning future simulator experiments. Missing
motion was shown to be the second strongest contributor to simulator sickness and the MIR. This suggests that dynamic simulators
are beneficial over static ones for a dynamic urban scenario. No significant difference was found between scaled and baseline motion.
This shows that for the present urban simulation, the scaled motion (scaling of 0.4) is just as good as the baseline motion (scaling of
0.8), which was the maximal motion possible in the simulator workspace. This corresponds to the range of acceptable scaling factors

15



M. Kolff et al. Transportation Research Part F: Psychology and Behaviour 115 (2025) 103370

(0.4 — 0.75) found by Berthoz et al. (2013). Even if the baseline motion is possible on a given simulator (Such as BMW’s Sapphire
Space simulator), working with a lower scaling factor might be beneficial when designing motion cueing for a driving simulator study.
Possible inaccuracies in the motion cueing or the vehicle model might be less amplified, making the motion cueing easier to design
or tune. Thus, for a scaling of scaling of 0.4, an acceptable state of motion cueing might be reached earlier and/or with less effort
while at the same time reaching a similar level of MIR and MISC compared to applying a scaling of 0.8. For smaller simulators, with
allowable scaling factors of 0.2 or 0.1, it is suggested that future work investigates whether similar levels of MIR and MISC uphold,
or if these levels tend more towards the higher (i.e., worse) levels observed for the missing motion.

In the present experiment, the false cue motion, in which the motion was inverted, was found to be the strongest contributor to
simulator sickness. Hence, it is of utmost importance to minimize false cues when conducting simulator experiments. Even though
the false cue conditions themselves are not realistic motion conditions for a whole drive, the false cue motion in the maneuvers
(partially) do correspond to washout motion. In washout, the simulator is moved back to its neutral position after a maneuver. This
phenomenon, common in filter-based algorithms, is applied in motion cueing to ensure that the simulator is “ready” to cue the next
maneuver. The present results regarding simulator sickness highlight the importance of methods to reduce washout effects, such as
optimization-based methods that not only better exploit the available motion space, but can also keep the washout motion under the
perceptual threshold.

Note, however, that the presented inverted motion is a form of false cue motion, whereas also other forms of false cue motion
exist. For example, even though the false cue motion was completely inverted in the experiment, it is still derived from realistic car
motion (in the present case, the baseline motion). However, false cue motion could also occur completely random. For example, pre-
positioning can be employed by MCAs to move the simulator below the perceptual threshold of the humans to increase the available
workspace of the simulator. If this motion is perceived, for example by faulty MCA tuning, this can create a false cue without any
relation to the currently presented vehicle motion. The lower predictability of this motion might result in more sickness (Kuiper et al.,
2020). Specific future research in this direction is thus recommended.

With regard to axis effects, the acquired findings are especially helpful when planning the use of a dynamic simulator system
with one rail (X or Y), which can usually be used to either redundantly provide f, or f, motion. When there is no specific dynamic
phenomenon that is of interest, the findings suggest using the simulator with a redundant f, axis to achieve the lowest (i.e., best)
motion incongruences in an urban scenario.

The analysis of the post-hoc MISC evaluations is supported by the continuous MISC ratings. Although the latter were only analyzed
descriptively, the severity of the various effects in the continuous ratings corresponds to the post-hoc ratings. Therefore, the continuous
rating method can be considered promising with regard to identifying the maneuver-specific causes of sickness. The method can
therefore be recommended for use in future investigations, as it reduces the workload compared to extraction MISC-values at a fixed
point in time, such as in Hogerbrug et al. (2020), Diels et al. (2023), Irmak et al. (2021). Furthermore, future work can explicitly look
into modelling the continuous ratings, similar to models applied to predict MIR (Cleij et al., 2018; Kolff et al., 2024). Considering the
strong relationship between the continuous and post-hoc MISC, this would be a useful method to be able to predict post-hoc MISC
ratings. This would then allow for identifying simulators, MCA settings, and scenarios that induce a high degree of simulator sickness
prior to a driving simulator experiment.

This also highlights another strength of the continuous method and the importance of the post-hoc MISC interpretation: post-hoc
MISC ratings correspond to the state of the driver at the end of each drive, but do not necessarily represent sickness experienced
throughout the drive, which can vary significantly over time. The continuous evaluation method provides the benefit of being useable
in closed-loop (participants driving themselves) driving experiments, compared to the interval-based methods (Diels et al., 2023;
Hogerbrug et al., 2020), as it can be changed on the participant’s own initiative and induces little intervention and/or distractions to
any other tasks, such as driving.

A final point of consideration considers the extraction of the post-hoc MIR and MISC values. It was found that the worse subjects
feel, the better the post-hoc MIR values correlate to the post-hoc MISC. It is possible that the adapted physical state affects the
perception of motion, leading them to consider more motion as incongruent motion. In that case, the MIR might become more of a
representation of the MISC and less of the actual quality of the motion. Further research in this direction is recommended.

4.6. Limitations

Participants drove open-loop (i.e., driven as passengers) throughout the whole experiment. Despite the fact that Kolff et al. (2025)
showed that similar MIRs can be obtained with closed- and open-loop driving, this does not necessarily apply to MISC ratings. For real
vehicles, closed-loop driving is known to induce less motion sickness (Rolnick and Lubow, 1991) compared to open-loop driving. As
a consequence, closed-loop driving experiments might induce less simulator sickness than the presented results of this paper suggest.
If simulator sickness is generally less present in closed-loop driving than in open-loop driving, this would require a smaller sample
size, which would be a beneficial development. As part of the motivation of the present study is to support the experiment design of
other, upcoming driving simulator studies, such as simulator selection, it had a focus on understanding relative differences between
the tested conditions, which are likely similar in closed-loopdriving.

It should be further noted that the applied experiment design was not fully factorial, as this would have required a cueing condition
with inverted motion in all three axes, where too many dropouts were feared. Scaled, missing and false motion may be differently
relevant depending on the axis in which the incorrect motion is applied, while interaction effects could not be explicitly tested in the
mixed effects models. Tentatively, there is no indication of the existence of such interaction effect (see Fig. 7a). The qualitative data
of the MIR, however, do suggest that the negative effects of missing and false motion in the ®, axis may be most severe.
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One limitation of the continuous MISC rating task is its passivity. Some subjects might have simply forgotten to change their
continuous MISC rating, as they were not explicitly asked to do so while driving, such that lower values were recorded than actually
was the case. This might also explain why in some conditions (mainly the false cue variants), the post-hoc MISC ratings were slightly
higher than the continuous ratings at the end of each run. In the ideal case, these ratings would be the same, as they should measure
the same simulator sickness phenomenon. Another explanation for their difference might be that simulator sickness symptoms might
continue to get worse after each simulation (i.e., between the extraction of both rating methods). In contrast, symptoms of simulator
sickness also could have decreased due to a relief from the sickening motion, although the observed higher values of the post-hoc
MISC ratings compared to the last measured continuous ratings do not support this hypothesis.

A further point of consideration is that the measured continuous ratings also contain “fast responses”, which can be attributed to
feelings of discomfort. This does not have to be a specific limitation of the continuous rating method, as in fact, the same phenomenon
can be present in post-hoc MISC ratings. An example of this is visible in Fig. 9J, in which the post-hoc MISC value is dominated by
the last maneuver. This also shows a prime benefit of the continuous ratings, as they provide insight in how the post-hoc ratings
are potentially ‘biased’ by what occurred at the end of a run. For example, in the analysis of the post-hoc MISC, it was found that
manipulations in f, induce the most simulator sickness. Considering Fig. 9J, this is not necessarily representative of how sickening the
whole drive is. For the f, channel, the post-hoc MISC value is likely largely influenced by the last maneuver, the false cue deceleration
cue (‘DEC3).

Last, the short duration of the drive may have been a real limitation of this study. With one run lasting 134 s, the drive may have
been too short to evoke strong symptoms of simulator sickness, with the frequent breaks in which the post-hoc ratings were collected
further mitigating symptoms. There were, however, several considerations for choosing shorter drives with moments of recovery in
between. It ensured that symptoms did not get too severe, which allowed for more testing and reduced the risk of carry-over effects to
subsequent conditions. Indeed, it was shown that these carry-over effects were limited, although truly eliminating these is impossible
for a single-session experiment. More incongruent motion might have extended the validity of the findings, but also likely would
have increased the more severe and long-lasting sickness symptoms, but potentially would also increase the risk of carry-over effects.
Another consideration was to remain close to realistic experiments, which often contain many short drives, for which the experiments
are intended to be used. The limited length and lack of carry-over effects might have been a reason that generally low MISC values
were obtained. This might indicate that the presented results are valid in this range. More research is required for investigating the
validity under more severe simulator sickness symptoms.

5. Conclusion

This chapter investigated the effect of simulator motion mismatches on ratings of simulator sickness and motion incongruence
in urban driving simulations. In a driving simulator experiment, subjects were driven as passengers (“open-loop”) and experienced
baseline, scaling, missing, and false cue motion mismatches in manipulations of the longitudinal (f,), lateral ( fy), and yaw (w,)
directions. The subjects evaluated their level of simulator sickness using the Misery Scale (MISC), both continuously during the drive
as well as afterwards (post-hoc). The Motion Incongruence Rating (MIR), their subjective rating on the (in)congruence of the motion,
was only extracted post-hoc.

For both the post-hoc MISC and MIR, it can be concluded that false cues produce significantly higher (i.e., worse) ratings than
missing cues. The post-hoc MIRs are disproportionally higher ratings than the linear rating model of Kolff et al. (2024) suggest,
requiring additional weighting on missing and false cue motion. Furthermore, scaling errors do not result in higher MISC and MIR
than the baseline motion. The order found by Kolff et al. (2024) was confirmed with regard to MIRs: the reproduction of the lateral
specific force motion is most important for minimizing motion incongruences, followed by the longitudinal specific force, and then the
yaw rate. While there were no significant differences of the manipulated axis for simulator sickness, here the order was longitudinal
specific force, yaw rate, and then lateral specific force.

The continuous MISC measurements furthermore support that the level of simulator sickness depends on the mismatches of
the simulator motion. This also highlights the usefulness of this novel evaluation method to attribute the emergence of simulator
sickness to explicit driving maneuvers during a simulation. Through this better understanding of the effect of mismatches on motion
incongruence and simulator sickness, both can be more accurately avoided in the development and tuning of future urban driving
simulations.
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