
9878 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 25, NO. 8, AUGUST 2024
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Abstract— Passengers of level 3-5 autonomous personal mobil-
ity vehicles (APMV) can perform non-driving tasks, such as
reading books and smartphones, while driving. It has been
pointed out that such activities may increase motion sickness,
especially when frequently avoiding pedestrians or obstacles
in shared spaces. Many studies have been conducted to build
countermeasures, of which various computational motion sick-
ness models have been developed. Among them, models based
on subjective vertical conflict (SVC) theory, which describes
vertical changes in direction sensed by human sensory organs
v.s. those expected by the central nervous system, have been
actively developed. To model motion sickness due to conflict
between visual vertical information and vestibular sensation,
we proposed a 6 DoF SVC-VV model which added a visually
perceived vertical block into a conventional 6 DoF SVC model to
predict visual vertical directions from image data simulating the
visual input of a human. In a driving experiment, 27 participants
rode on the APMV and experienced slalom driving with two
visual conditions: looking ahead (LAD) and working with a tablet
device (WAD). We verified that passengers got motion sickness
while riding the APMV, and the symptoms were severer when
especially working on it, by simulating the frequent pedestrian
avoidance scenarios of the APMV in the experiment. In addition,
the results of the experiment demonstrated that the proposed
6 DoF SVC-VV model could describe the increased motion
sickness experienced when the visual vertical and gravitational
acceleration directions were different.

Index Terms— Motion sickness, subjective vertical conflicts,
riding comfort, autonomous personal mobility vehicles.

I. INTRODUCTION

LEVEL 3-5 of driving automation [1] are applied to cars
and miniaturized personal mobility vehicles (PMVs) [2],

[3]. Autonomous PMVs (APMVs) are expected to be widely
used in mixed traffic and shared space conditions, such
as sidewalks, shopping centers, stations, and school cam-
puses [4], [5], [6]. Additionally, drivers (passengers) of AVs
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(including APMVs) are allowed to perform non-driving tasks
during autonomous driving [7], [8], [9], [10], e. g., reading a
book [11], [12], [13], watching videos [11], [14], and playing
games [15], [16]. Unfortunately, the above usage scenarios
pose a potential risk of motion sickness for passengers on the
APMV by the following reasons:

1) In these mixed traffic environments, other traffic par-
ticipants such as pedestrians, bicycles, and other
vehicles, will frequently interact with AVs (including
APMVs) [13], [17]. Passengers may be prone to motion
sickness owing to the lack of control of the APMV
and passive body movement [7], [8], [9], [18] when the
APMV does avoidance behaviors frequently.

2) Motion sickness may occur with a high probability when
the visual and vestibular systems are stimulated with in-
congruent information [9], [19].

Based on the aforementioned issues, preventing motion
sickness can be considered an important challenge for the pop-
ularity and widespread use of APMVs. To address these issues,
various computational models have been used to evaluate or
estimate the severity of motion sickness.

A. Related Works

The sensory conflict (SC) theory is widely used to explain
the mechanism of motion sickness, which postulates that
motion sickness is caused by conflicts between one sensory
and expected signals based on previous experience [19]. Oman
proposed a mathematical model of the SC theory based on an
observer or optimal estimation theoretic framework, in which
motion perception was assumed to be influenced or corrected
by the discrepancy between signals from sensory organs and
those calculated by internal models in our central nervous
systems, and the discrepancy is regarded as a conflict in the
SC theory [20].

Based on SC theory, Bles et al. [21] proposed the sub-
jective vertical conflict (SVC) theory, which postulates that
motion sickness is caused by conflict between the vertical
directions sensed by sensory organs and those estimated by the
central nervous systems or their internal models. Moreover,
Bos and Bles [22] proposed the first computational motion
sickness model of the SVC theory. This model simulates the
process of motion sickness caused by conflicts between otolith
organs (OTO) and their internal models using one-degree-
of-freedom (1 DoF) vertical acceleration inputs. To express
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Fig. 1. Proposed 6 DoF SVC-VV model: motion sickness computational model considering the vertical sensed using vestibular-visual interactions.

motion sickness caused by multiple degrees-of-freedom of
head movement, including head rotation, Kamiji et al. [23]
extended the 1 DoF SVC model [22] to a six-degrees-of-
freedom (6 DoF) SVC model, which included the OTO
and semi-circular canals (SCC) in the vestibular system to
accept the three-dimensional (3D) acceleration and 3D angular
velocity inputs. Moreover, based on the Kamiji et al. [23]’s
6 DoF SVC model, Inoue et al. [24] optimized the structures
of conflict feedback integration and parameters to increase the
accuracy of the 6 DoF SVC model in presenting the tendency
of motion sickness and motion perception of verticality.

Furthermore, Bos et al. [25] suggested that visually induced
motion sickness can also be explained by SVC theory and
proposed a model framework that includes visual information
such as visual angular velocities and visual vertical (VV)
information. However, this study did not consider a concrete
method for the application of the experimental data. As a
computational model of motion sickness that can address
visual–vestibular interactions, Braccesi and Cianetti [26] pro-
posed a motion sickness model based on the interaction
between the OTO and visual acceleration. However, this model
does not consider the rotation of the head as perceived
by the SCC and visual perception. To address this issue,
Wada et al. [27] expanded the original 6 DoF SVC model
Kamiji et al. [23] for vestibular motion sickness to include
visual-based angular velocity perception using the optical flow
method from camera images.

Recalling SVC theory, motion sickness is primarily caused
by a conflict of vertical perception between sensor organs and
their internal models. Moreover, some medical studies point
to a correlation between the disability in vertical visual per-
ception and motion sickness [28], [29], [30]. Therefore, based
on Kamiji et al. [23]’s work, we proposed a 6 DoF SVC-VV
model that represents motion sickness owing to the vertical
perception from interactions of visual-vestibular systems in

our preliminary work [13]. However, in this pre-study, we did
not compare the predicted results using the model with the
participants’ feelings of motion sickness. Moreover, we only
verified the accuracy of the proposed visual vertical prediction
method in a wide outdoor environment; its performance in
complex indoor environments remains uncertain.

B. Purposes and Contributions

There are two purposes of this study. The first one is to
confirm that frequent avoidance behaviors of APMV will cause
its passengers getting motion sickness. The second one is
to propose a motion sickness computational model based on
the SVC theory which addresses the vertical perception and
visual-vestibular interaction.

Therefore, the contributions of this study are as follows:
1) We verified that passengers got motion sickness while

riding the APMV, particularly working on it, by simu-
lating the frequent pedestrian avoidance scenarios of the
APMV in the subject’s experiment.

2) A 6 DoF SVC-VV model was proposed based on the
conventional 6 DoF SVC model [24], which represents
motion sickness owing to the vertical perception from
interactions of visual-vestibular systems.

3) We verified that the proposed 6 DoF SVC-VV model has
a performance to represent the increase in motion sick-
ness caused by passengers working with tablet devices
while riding in APMV.

II. MOTION SICKNESS MODELING WITH VISUAL
VERTICAL ESTIMATION

In this study, we propose a 6 DoF SVC-VV model to predict
motion sickness incidence (MSI) considering vestibular-visual
interaction, as shown in Fig. 1. This model adds the visual
vertical (VV) estimation (shown as red paths) into the 6 DoF
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Fig. 2. An example shows the process of visual vertical prediction in (a)-(c).
Visualization results of the predicted visual vertical are shown in (d) and (e).

SVC model proposed by [24] (shown as black paths). More-
over, we improve this model to reduce the negative impact of
measurement errors in the actual experiment. In this section,
the methods for modeling the visual vertical perception,
vestibular system, and interactions with their internal models
are presented separately.

A. Visual Vertical Prediction Modeling

Considering that the visual vertical (VV) is thought to be
derived from signals presumed to be parallel or perpendicular
to vertical objects, such as buildings or the horizon in the envi-
ronment [31], a simple image processing method is proposed
to estimate the visual vertical by analyzing the directions of the
edges of objects in images in our pre-study [13]. In this pre-
study, we only considered the usage of APMV in open outdoor
areas; thus, the visual vertical direction was calculated based
on horizontal edge features such as the horizon and horizontal
edge of the building. However, in indoor scenes with various
obstacles such as tables, chairs, and benches, the horizontal
edge features change with the viewing angle because of the
visual perspective, particularly in frequent avoidance behaviors
of APMV. Therefore, we take the vertical edge features, e. g.,
edges of columns and window frames to calculate the visual
vertical direction in this study. An example of visual vertical
prediction and visualization of the predicted visual vertical is
shown in Fig. 2. The details of the visual vertical prediction
are described as follows.

The VVP block shown in Fig. 1 represents the process of
the visual system predicting the visual vertical from an image.
The proposed visual vertical prediction method is shown in
Algorithm 1. The input is a Icolor

t ∈ RH×W×3 which is defined
as a color image in the t-th frame captured by a camera
attached to the human head (see Fig. 8) to imitate human
visual input (see Fig. 2 (a)). Then, Icolor

t is preprocessed by
converting to a gray-scale image and normalizing through the
global maximum and minimum (Algorithm 1, steps 1-2).

Subsequently, Sobel operators are used to calculate the
gradients in the horizontal direction ∇xt and vertical direction
∇ yt in the image coordinate system to detect the edges of
objects in the image (Algorithm 1, steps 3-4). The gradient

Algorithm 1 Visual Vertical Direction Estimation Method for
VVP Block in Fig. 1.

Input: Icolor
t ∈ RH×W×3 and θvv

0 = 90,
where H = 400, W = 1000, t ∈ {1, · · · T }

Output: θvv

1: I gray
t ∈ RH×W

← Gray(Icolor )
2: I gray

t ∈ RH×W
← Normalizationmax

min (I gray
t )

3: ∇xt ∈ RH×W
← Sobelx (I gray

t )
4: ∇ yt ∈ RH×W

← Sobely( I gray
t )

5: M t = (∇xt ⊙∇xt +∇ yt ⊙∇ yt )
⊙1/2

6: 2t = (180/π) arctan(∇xt ⊘∇ yt )

7: for i = 0 to H do
8: for j = 0 to W do

9: (2t )i, j ←


(2t )i, j (0 ≤ (2t )i, j < 180)

(2t )i, j − 180 (180 ≤ (2t )i, j < 360)

0 ((2t )i, j = 360)

10: end for
11: end for
12: M t ← Normalizationmax

min (M t )
13: for d = 0 to 179 do
14: (θhist

t )d ←
∑H

i=0
∑W

j=0 1d [(2t )i, j ](M t )i, j ,
where θhist

t ∈ N180

15: end for
16: csort

t ∈ N121
←Sort((θhist

t )29:149)
17: θ sort

t ∈ N121
← argSort((θhist

t )29:149)

18: cbest3
t ∈ R3

← (csort
t )119:121/

∑121
i=119(csort

t )i
19: θbest3

t ∈ N3
← (θ sort

t )119:121
20: θvv

t ← θbest3
t · cbest3

t + 30

21: θvv
t ←

{
K θ

1 θvv
t + (1− K θ

1 ) θvv
t−1 (|θvv

t − θvv
t−1| ≤ 4◦)

K θ
2 θvv

t + (1− K θ
2 )) θvv

t−1 (|θvv
t − θvv

t−1| > 4◦)

22: vvt =

vvx
t

vv
y
t

vvz
t

←
9.81 cos(θvv

t π/180)

9.81 sin(θvv
t π/180)

0


23: vv(t)←ZOH(vvt )

magnitudes Mt and angles 2t can be calculated from ∇xt and
∇ yt in steps 5-6 of Algorithm 1. Here, ⊙ and ⊘ are Hadamard
products and divisions that are element-wise products and
divisions.

In 2t , we equate [360◦, 180◦] to [0◦, 179◦], because
the angle of a person’s neck usually does not exceed 180◦

(Algorithm 1, steps 8-11). Further, as the magnitude of the gra-
dient is larger, the edge becomes more likely (see Fig. 2 (b)).
The gradient magnitudes M t are normalized through the
global maximum and minimum to [0, 1] (Algorithm 1,
step 12).

Next, as shown in Fig. 2 (c), the histogram of gradient
angles is calculated using an indicator function from 2t with
its weight matrix M t (Algorithm 1, steps 13-15). The number
of bins in the histogram is set to 180. After calculating the
histogram, the gradient’s angles in the range [30◦, 150◦]
are sorted in ascending order by their counts (Algorithm 1,
steps 16-17). We assume that the passenger head will not
rotate out of the range [30◦, 150◦] in most driving situations.

Subsequently, the best three angles θbest3
t are selected based

on the highest three counts cbest3
t (Algorithm 1, steps 18-19).
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Then, the direction of the visual vertical θvv
t is calculated as

Step 20 of Algorithm 1, in which cbest3
t can be considered as

the weight of θbest3
t .

Meanwhile, the direction of the visual vertical θvv
t is also

affected by the direction of the visual vertical in the previous
frame, that is, θvv

t−1. As shown in Step 21 of Algorithm 1,
we choose two different strategies to update θvv

t to reduce the
instability due to the prediction errors with K θ

1 = 0.7 and
K θ

2 = 0.2 empirically set in this study. An example to show
the visualization of θvv

t in Fig. 2 (d) and (e).
In Step 23 of Algorithm 1, the visual vertical vector vv =

[vvx , vvy, vvz]
T is calculated from θvv

t with a fixed L2 norm
9.81 m/s2. Notably, the value on the z-axis of vv, i. e., vvz ,
should be 0 because θvv is the rotation angle on the x-y plane
of the head coordinate system.

In Step 24 of Algorithm 1, as the 6 DoF SVC model is a
continuous-time system, vvt is a discrete variable estimated
from an image, a zero-order holder (ZOH) is used to convert
vvt into a continuous variable vv(t).

After block VVP , block VISg transfers vv to the sensed
visual vertical vvs . Note that the vertical signals vvs and vs
sensed by the visual and vestibular systems are assumed to be
3D. For simplicity, a 3× 3 identity matrix I3×3 is used as the
transform matrix in this study. Thus,

vvs = I3×3 vv =

1 0 0
0 1 0
0 0 1

 vvx
vvy
vvz

 . (1)

B. Vestibular System Modeling

The vestibular system is mainly composed of otolith organs
and semi-circular canals. As shown in Fig. 1, the otolith organ
is modeled as a OTO block. Its input is the gravity-inertial
acceleration (GIA) in 3 DoF, which is f = a + g. Here, a is
the inertial acceleration, and g is the gravitational acceleration
(upward). Refer to [23], in the OTO block, a 3× 3 identity
matrix I3×3 is used for transforming f to the sensed GIA f s
as f s = I3×3 f .

Further, the SCC block contained semi-circular canals.
It receives angular velocity ω in 3 DoF and transforms it into
the sensed angular velocity ωs using a transfer function [32]:

ωs =
τaτds2

(τas + 1)(τds + 1)
ω. (2)

Subsequently, block LP represents the otolith-canal inter-
action that estimates the detected vertical signal vs from f s
and ωs by updating the raw [33]:

dvs

dt
=

1
τ

( f s − vs)− ωs × vs . (3)

Moreover, the sensed inertial acceleration as can be calcu-
lated as as = f s − vs .

C. Internal Models

The internal model is a hypothetical central neural repre-
sentation of anticipatory information generated by the central
nervous system concerning the sensory organs. As shown

in Fig. 1, the 6 DoF SVC-VV model has three internal
models. Specifically, the internal models of SCC , OTO ,

and VISg are modeled as blocks of SCC , OTO , and

VISg , respectively. Furthermore, the low-pass filter in the
vestibular system, which separates the perceived signals of
vertical and linear acceleration, is also modeled as LP in the
internal model.

For blocks SCC and OTO , there are two types of inputs.
One type includes a variety of signals to help create motion
perceptions, such as motion predictions [34] and efference
copy [35], which is an internal copy of the neural signal that
generates the movement. The other types are obtained from
the feedback of conflicts between the sensor organs and their
internal model.

The SCC represents the internal model of SCC, which
transforms angular velocity ω̂ predicted through the internal
model to the sensed angular velocity ω̂s using a transfer
function [32]:

ω̂s =
τds

τds + 1
ω̂. (4)

The predicted ω̂ combines the angular velocity signal ω̃ and
the feedback of the difference 1ω between sensory informa-
tion ωs and estimated information ω̂s , that is, 1ω = ωs − ω̂s.
To simplify the generation process of a variety of signals to
help create motion perceptions, this study uses the angular
velocity of the head ω as input. Therefore,

ω̂ = ω̃ + Kωc1ω

= Kωω + Kωc(ωs − ω̂s). (5)

The OTO represents the internal model of OTO, which
transforms predicted GIA f̂ into the expected afferent signal
of GIA f̂ s using a 3 × 3 identity matrix I3×3, that is
f̂ s = I3×3 f̂ . The predicted f̂ can be calculated as follows:

f̂ = ĝ + â, (6)

where â and ĝ are the gravitational and linear accelerations
predicted by the internal model. Specifically,

â = ã + Kac1a
= Ka a + Kac(as − âs); (7)

In part, the acceleration a is calculated from measured GIA f ,
that is, a = f−g. According to [23], gravitational acceleration
g is calculated from ωq using the following update law:

d g
dt
= −ω × g. (8)

However, in practice, noise exists in ω obtained from the IMU.
This results in a drift in g because the noise in ω is also
integrated. To solve this problem, ωq is a calibrated angle
velocity obtained using a complementary filter [36] to reduce
the sensing tilt from the IMU. Complementary filter Q(ω, f )

outputs a quaternion vector q ∈ R4 to present the orientation
calculated from the ω and f :

q = Q(ω, f ). (9)
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Then, ωq can be approximated as

ωq =

0 1 0 0
0 0 1 q0
0 0 0 1

 (2
dq
dt
◦ q−1), (10)

where ◦ denotes the quaternion product. Thus, the new update
law for g is

d g
dt
= −ωq × g. (11)

Then, g is normalized in a fixed L2 norm 9.81 m/s2 by

g = 9.81
g
||g||

. (12)

In addition, the ĝ in part of f̂ = ĝ + â (i. e., Eq. 6) is
calculated via

ĝ = K vvc

∫ t

0
1vvdt + K vc

∫ t

0
1vdt

= K vvc

∫ t

0
(vvs − v̂vs)dt

+ K vc

∫ t

0
(vs − v̂s)dt. (13)

Here, 1v and 1vv are the conflicts of the vertical and visual
vertical signals between the sensor organs and their internal
model, respectively. The v̂s is calculated by LP block by
following update law [33]:

d v̂s

dt
=

1
τ

( f̂ s − v̂s)− ω̂s × v̂s, (14)

which is the same as the update law for vs . Subsequently, âs
in Eq. 7 is calculated using âs = f̂ s − v̂s .

Meanwhile, v̂vs represents the sensed visual vertical in the
internal model, which is calculated by block VISg using the
vertical sensed although visual-vestibular interaction, that is,
ĝ. Thus,

v̂vs = T vis ĝ =

1 0 0
0 1 0
0 0 0

 ĝx
ĝy
ĝz

 , (15)

that projects the sensed vertical ĝ into the x-y plane in the
head coordinate system, eliminating the value on the z-axis.
Finally, ĝ can be updated by

d ĝ
dt
= K vvc (vvs − v̂vs)+ K vc(vs − v̂s). (16)

D. Motion Sickness Estimation

According to the SVC theory [21], motion sickness is
mainly caused by a conflict between vertical perception
through sensory organs and vertical feeling estimated by their
internal models. Therefore, [22] proposed that motion sickness
incidence (MSI), which represents the percentage of vomiting
subjects, is determined by the conflict of vertical signals
1v = vs − v̂s using

M SI =
P

(τls + 1)2 H, (17)

where P is a parameter and

H =
||1v||/b

1+ ||1v||/b
(18)

is the Hill function that normalizes the L2 norm of the vertical
conflict signal ||1v|| to [0,1) and b is its parameter.

III. SIMULATION EXPERIMENT

To confirm the effects of incorporating visual vertical into
the 6 DoF SVC model on prediction accuracy, we initially
compared the predicted MSI to the MSI observed in McCauley
et al.’s experiment [37]. In the experiment, the number of
participants who vomited during two hours of exposure to
25 vertical motion profiles with various combinations of
accelerations and frequencies was measured and MSI was
calculated.

In our numerical simulation experiments, we predicted
the MSI for a total of 50 motion profiles, including these
25 motion profiles. More specifically, based on the head
coordinate system depicted in Fig. 8, we set

ax (t) = 0 [m/s2
],

ay(t) = 9.81
√

2 rmsi sin(2π f reqi t) [m/s2
],

az(t) = 0 [m/s2
],

where, t ∈ {0 : 7200} [s], dt = 0.01 [s]. Here, f reqi ∈

{0.083, 0.167, 0.180, 0.200, 0.250, 0.333, 0.417, 0.500, 0.600,

0.700} [H z] and rms j ∈ {0.0278, 0.055, 0.111, 0.170, 0.222,

0.234, 0.333, 0.444, 0.555} [g]. We also made the assumption
that vv = g = [0, 9.81, 0] [m/s2

].
As shown in Table I, a conventional 6 DoF SVC model

proposed by [24] (called the In1 model in this study) and its
optimized parameters were used as a baseline. Furthermore,
two sets of parameters were prepared for the 6 DoF SVC-
VV model which were the same as those of the 6 DoF SVC
model, i. e., In1 model in [24], except for Kvc and a new
parameter Kvvc. Specifically, for the 6 DoF SVC-VV model
(I), we employed Kvc = 5.0 and Kvvc = 5.0 to balance the
feedback strength of the two conflict signals. Moreover, for
the 6 DoF SVC-VV model (II), the parameters Kvvc = 2.5
Kvc = 2.5 were used to mitigate the excessive influence of
those vertical confusion feedbacks on f̂ .

The comparisons of the MSIs predicted by the three models
shown in Table I and the MSIs measured in [37] are shown
in Fig. 3. In Figs. 3(a), 3(b) and 3(c), the MSI predicted by
the model is represented by the surface plots, while the black
data points represent the MSI observed in [37].

To evaluate the difference between the predicted MSI and
the ground truth of MSI, i. e., the measured MSI, under the
25 motion profiles, the mean square error (MSE) between them
was calculated. Figure. 3(d) shows that the MSE for both the
6 DoF SVC model and 6 DoF SVC-VV model (I) model were
approximately around 6%, while that for the 6 DoF SVC-VV
model (II) was approximately 10%. In addition,the peak of
MSI predicted by the 6 DoF SVC-VV model (II) shifts to a
lower frequency, i. e., 0.167 [H z].
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TABLE I
PARAMETERS FOR THE 6 DOF SVC MODEL AND THE 6 DOF SVC-VV MODELS

Fig. 3. Comparison of the predicted MSIs from the three models, as indicated in Table I, with the MSIs measured in [37]. In Figures (a), (b) and (c), the
black data points represent the actual MSI measured by [37].

Consequently, for the driving experiment detailed in the next
section, the parameters of 6 DoF SVC-VV model (I) were
used.

IV. DRIVING EXPERIMENT

This experiment aimed to verify whether the proposed
6 DoF SVC-VV model can predict MSI while riding an APMV
with different visual conditions. Therefore, two APMV ride
comparison conditions were established for this experiment:
1) looking ahead during autonomous driving (LAD), and
2) working with a tablet device during autonomous driving
(WAD). Considering that the tablet device used in WAD may
hinder passengers’ visual-spatial perception, we propose the
following hypothesis:
H: Passengers working while riding the APMV will have a

higher probability of getting motion sickness than if they
look ahead while riding the APMV.

To simulate the use of APMV in stations or shopping malls
where frequent pedestrian avoidance is required, an experiment
in which participants rode an APMV was conducted in an
indoor room environment. This study was carried out with the
approval of the Research Ethics Committee of Nara Institute
of Science and Technology (No. 2021-I-38).

A. Autonomous Personal Mobility Vehicle

In this experiment, a robotic wheelchair WHILL Model
CR with an autonomous driving system was used as the
APMV. As shown in Fig. 4, the APMV was equipped with
multilayered LiDAR (Velodyne VLP-16) and a controlling
laptop PC. An autonomous driving system based on the Robot
Operating System was applied to the APMV. LiDAR was
utilized for self-localization by the adaptive Monte Carlo
localization method on a previously built environmental map
using the simultaneous localization and mapping method.

Fig. 4. Autonomous driving robotic wheelchair used as the experimental
vehicle.

Thus, it could automatically drive on pre-designed routes using
a path-following controller [38].

To ensure the experiment safety, the APMV had an auto-
matic brake function that was applied when there was an
obstacle within 0.5 meters directly in front of it. Passengers
could also actively control the APMV with the on-board
joystick and power button if they feel in danger. Meanwhile,
a wireless remote controller could control the APMV to stop
based on the actual risks during the experiment. Further, the
maximum velocity was set to 6 [km/h], and the maximum
linear acceleration was set to 1.7 [m/s2

].

B. Driving Conditions

As shown in Fig. 5, a 6 [m]×12.5 [m] room at Nara Institute
of Science and Technology was used as the experimental site.
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Fig. 5. A 12.5 [m] × 6 [m] room used as the experimental environment.
A slalom path was used for autonomous driving. Two MISC posters (see
Fig. 9) were mounted on the walls at either end of the room.

Fig. 6. Amplitude (scaled by 2/N) and frequency of linear acceleration
( f ) and angle velocity (ω) measured from a IMU on the AMPV. Here, its
coordinate system is parallel to the head coordinate system shown in Fig. 4.

The target temperature of the air conditioner in the room was
set as 25◦C. In this experiment, a 20 minutes slalom driving
path (see the red line in Fig. 5) was designed to simulate
APMV avoiding other traffic participants in mixed traffic, such
as shared space. Specifically, APMV performed slalom driving
with four centers of rotation such that the number of left and
right rotations was the same. The diameter of each rotation
was approximately 2.5 [m]; therefore, the distance between
the two rotary centers was also 2.5 [m]. The amplitude and
frequency of linear acceleration ( f ) and angle velocity (ω)
measured from an IMU on the AMPV during 20 minutes of
slalom driving are shown in Fig. 6. The coordinate system of
the vehicle IMU is shown in Fig. 4.

In addition, to reduce the effect of the participants’ predic-
tions of driving dynamics on their motion sickness, no actual
object was placed in these centers of rotation.

C. Riding Conditions

As shown in Fig. 7, two riding conditions were designed:
1) looking ahead during autonomous driving (LAD) and
2) working with a tablet device during autonomous driving
(WAD). Each scenario took 25 minutes, including 20 minutes

Fig. 7. Two riding conditions: 1) looking ahead during autonomous driving
(LAD); 2) working with a tablet device during autonomous driving (WAD).

of autonomous driving and 5 minutes of parking. The detailed
design of each scenario is as follows.

1) Looking Ahead During Autonomous Driving (LAD): In
the LAD, participants were asked to look ahead during 20 min-
utes of autonomous driving and 5 minutes of parking. It was
also hypothesized that participants could easily obtain vertical
orientation information from the floor, walls, and surrounding
objects such as windows, tables, chairs, and whiteboards.

2) Working With a Tablet Device During Autonomous Driv-
ing (WAD): In the WAD, participants were asked to work
with a tablet device (Sony DPT-RP1 Digital Paper: 224 [mm]
high with 302.6 [mm] weight for horizontal use). They were
asked to use a stylus to answer dummy questionnaires and read
articles on e-books during 20 minutes of autonomous driving
and 5 minutes of parking. Note that the contents of these ques-
tionnaires and articles were not relevant to this experiment to
avoid influencing the experimental results. Moreover, a neck-
hanging tablet stand was used to help participants hold the
e-book, see the text clearly, and write more easily. It also
enabled the relative positions of the head and tablet device to
be maintained within a certain range.

This scenario was also hypothesized to be more prone to
cause motion sickness because the participants may experience
difficulty in recognizing the vertical direction because the
tablet device prevented the passenger from perceiving the
body motion from dynamic visual information [12] such as
optical flow, and static visual information such as horizontal
or vertical.

D. Measurements

1) Head Movement and Visual Information: To measure
the acceleration and angular velocity of the passenger’s head
and visual information, a helmet-mounted measurement instru-
ment (HMMI) was used (see Fig. 8). The HMMI included an
inertial measurement unit(IMU) and a camera set in front of a
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Fig. 8. A helmet-mounted measurement instrument (HMMI): an IMU and
a camera were placed on a helmet to observe the acceleration and angular
velocity of the passenger’s head and visual information.

Fig. 9. An 11-point MIsery SCale (MISC) [39] in japanese and english.

helmet. The IMU measured 3 DoF acceleration f and 3 DoF
angular velocity ω at 100 [Hz]. The camera resolution was
set to 1280 × 720 pixels at 30 [Hz]. To reduce the impact
of lens distortion on the visual vertical prediction, we cropped
the periphery of the camera video. The cropped resolution was
1000× 480.

2) Motion Sickness: To measure the severity of motion sick-
ness during the 25 minutes experiment, participants verbally
reported their feelings of motion sickness every minute using
an 11-point MIsery SCale (MISC) [39] ranging from zero to
10 (see Fig. 9). If MISC reached 6 and lasted for more than
2 minutes, then the APMV stopped, and participants continued
to sit on the stopped APMV to report MISC every minute for
5 min. To help participants refer to the definition of MISC, the
two A0 size posters in Fig. 9 were placed on whiteboards on
both sides of the room in the LAD scenario; and the definition
of MISC was available on each page of the e-book in the WAD
scenario (see Fig. 7).

E. Participants and Groups

A total of 27 participants (10 females and 17 males)
participated in this experiment as users of APMV. They were
22-29 years old (mean:23.5, standard deviation,1.89). They
had no experience with autonomous cars and APMVs before
this experiment. All participants provided informed consent
before participating in the experiment. Each participant was
asked to ride the APMV under the LAD and WAD conditions
once. To avoid the order effect of the experimental condi-
tions on the experimental results, participants were randomly
assigned to two groups. Specifically, 14 participants in a
group called LAD→WAD experienced the LAD scenario first
and then the WAD scenario. Thirteen participants in another
group called WAD→LAD experienced these conditions in the
opposite order.

The minimum time interval between the two conditions
was 24 hours. The total time of this experiment, including
the two conditions was four hours for each participant. Each
participant received 4,000 Japanese Yen as a reward.

F. Procedure

First, the participants were instructed by following informa-
tion before the experiment:
• The purpose of the experiment was to investigate the

effect of the riding conditions of an APMV on motion
sickness.

• In this experiment, participants rode on the APMV and
experienced slalom driving repeatedly (up to 6 km/h).

• There were two riding conditions. Each riding scenario
was performed on a separate day. Each scenario took
approximately 2 hours, and the total time for the two
conditions was approximately 4 hours.

• Details of those two riding conditions were introduced
just before participants experienced one of them, sepa-
rately.

• In each riding scenario, the APMV was autonomously
driven in 20 minutes, then the APMV stopped, and
participants could rest for 5 minutes on it.

• In those 25 minutes, participants were required to report
a level of MISC in each minute based on their feelings
of motion sickness.

• If the MISC reached 6 and lasted for more than 2 minutes,
then the APMV was stopped immediately and participants
continued to sit on the stopped APMV to report MISC
every minute for 5 minutes.

Moreover, to reduce the restlessness and nervousness of
the participants owing to lack of knowledge about APMV,
we explained the principles of the autonomous driving sys-
tem and its sensors (i. e., Lider), and the operational design
domain (e. g., sensor range, maximum speed, maximum linear
acceleration, and the judgment distance of emergency stop) to
the participants in detail. Participants were allowed to actively
take over and stop the APMV if they thought there was danger.

G. Motion Sickness Symptoms Reported by MISC

The MISC was reported by each participant every minute
during each 25 minutes trial. For each participant, the mean of
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TABLE II
DEFINITION OF CONFUSION MATRIX FOR EVALUATING MOTION SICKNESS PREDICTION BY COMPARING THE PREDICTED MSI TO THE REPORTED MISC

TABLE III
EVALUATION INDEXES FOR THE PREDICTION OF MOTION SICKNESS USING PREDICTED MSI COMPARED TO REPORTED MISC

the MISC was calculated to evaluate the participant’s suscep-
tibility to motion sickness, while the maximum of the MISC
was also calculated to evaluate the participant’s progression of
motion sickness.

We used 2 × 2 mixed-design ANOVAs to evaluate the
mean and maximum of MISC in two riding conditions
(within-subject factor: LAD and WAD) between two groups
of condition order (between-subject factor: LAD→WAD and
WAD→LAD). Further, MISC results were also analyzed under
LAD and WAD conditions to test whether our proposed
hypothesis H, i. e., passengers working with a tablet device
while riding the APMV will have a higher probability of
getting motion sickness than if they look ahead while riding
the APMV.

H. Calculated Visual Vertical

The calculated visual vertical of each trial was evaluated
by analyzing the Pearson correlation coefficient between the
direction of VV, i. e., θvv , and direction of gravitational accel-
eration, i. e., θ g , from each 25 minutes trial independently.
Particularly, θvv was estimated using Algorithm 1 from the
camera data, and the direction of the gravitational acceleration
projected in the 2D head coordinate system was calculated
as θ g

= 180 arctan(gy/gx )/π . Here, the gravitational accel-
eration g was estimated from the IMU data, that is, f and
ω. Moreover, a two-sided paired t-test was used to analyze
the significant difference between the Pearson correlation
coefficients for the LAD and WAD conditions.

I. Motion Sickness Prediction by MSI

The proposed 6 DoF SVC-VV model was used to predict the
MSI from the IMU data (i. e., f and ω) and the camera images
measured in the experiment. To implement the calculation

of the zero-order holder, the calculated visual vertical was
up-sampled from 30 [Hz] to 100 [Hz] by forward fill to
synchronize with the IMU data.

To predict MSI, the parameters for the 6 DoF SVC model
and the 6 DoF SVC-VV model used in this experiment are
identical to those presented in Table I. It’s important to note
that the 6-DoF SVC-VV model employed the parameters of
the 6-DoF SVC-VV model (I).

Similar to the MISC evaluation method, 2×2 mixed-design
ANOVAs (within-subject factors: LAD and WAD; between-
subject factors: LAD→WAD and WAD→LAD) were used to
evaluate the mean and maximum values of the predicted MSI
in LAD and WAD, respectively.

J. Comparison Between Predicted MSI and Reported MISC

To investigate the performance of the proposed 6 DoF SVC-
VV model, we compared the predicted MSI with the reported
MISC. Note that MSI and MISC are different indicators for
each other. Basically, the MISC is an evaluation indicator for
individuals, whereas the MSI is an evaluation indicator for the
whole group, i. e., MSI indicates the percentage of participants
who experienced vomiting when exposed to motion for a
certain time, and MISC indicates the subjective assessment
of each participant of the severity of motion sickness. Con-
sidering the difference in meaning between MSI and MISC,
the performance of the proposed 6 DoF SVC-VV model
was evaluated by comparing the high-low relationship of the
reported MISC under the LAD and WAD, and that of the
predicted MSI under those two riding conditions.

Based on the confusion matrix presented in Table II, mul-
tiple evaluation indexes, that is, accuracy, precision, recall,
and F1 score (Table III), were used to evaluate the perfor-
mance of the proposed 6 DoF SVC-VV model. We took each
participant’s reported MISC as the true result and the predicted
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TABLE IV
TWO-WAY MIXED-DESIGN ANOVA FOR MEAN AND MAXIMUM OF MISC. * SHOWS THE p < .05

MSI as the predicted result of their motion sickness. Therefore,
as summarized in Table II, we refer to H, M I SC L AD <

M I SCW AD and M I SC L AD ≥ M I SCW AD as the positive
and negative states of the true result, respectively. Meanwhile,
M SI L AD < M SI W AD and M SI L AD ≥ M SI W AD are
considered the positive and negative states of the predicted
result, respectively. Moreover, the mean and maximum values
were used as representative values for MISC and MSI.

V. RESULTS

A. Reported MISC

The MISC per minute reported for 27 participants is shown
in Fig. 12. Among them, 21 participants reported that they
developed symptoms of motion sickness in this experiment;
however, six participants (four in group LAD→WAD and two
in group WAD→LAD) reported M I SC = 0 at all times in both
the LAD and WAD conditions. In the WAD, participant #24
reported that M I SC = 6 at approximately 8.5 minutes and
was asked to stop the APMV. Then, the APMV was stopped,
and the participant rested on the APMV. However, after
1 minut of rest, the motion sickness symptoms of participant
#24 continued to develop to M I SC = 9 at approximately
9.5 minutes, thus we immediately terminated the experiment.

For the two groups, i. e., LAD→WAD and WAD→LAD,
we did not find a significant effect of the experimental order on
the MISC results, as summarized in Table IV, and the mean
and maximum of MISC during 25 minutes driving in LAD
were lower than those in WAD, as shown in Fig. 10.

For two conditions, i. e., LAD and WAD, the two-way
mixed-design ANOVA (see Table IV) reported that there was
a significant difference in the mean MISC between conditions
(p = 0.049); however, no significant difference between
groups and in their interaction. Moreover, there was no signif-
icant difference in the maximum MISC between the groups,
conditions, and their interactions.

B. Calculated Visual Vertical

Fig. 11 shows that θvv and θ g had positive Pearson corre-
lations (N = 27, M = 0.27, SD = 0.12) under the LAD
condition, i. e., without the obstruction of view, and under
the WAD condition (N = 27, M = 0.20, SD = 0.17),
i. e., with obstruction of view. Furthermore, a two-sided paired
t-test showed that the mean value of the Pearson correlation
coefficients in the LAD condition was significantly higher than
that in the WAD condition, i. e., t (26) = 2.11, p = .044,
cohen′d = 0.45.

Fig. 10. Mean and maximum of MISC reported under LAD and WAD
conditions (error bar: 95% confidence interval).

Fig. 11. Pearson correlation coefficients between the directions of the
predicted visual vertical and estimated gravitational acceleration. A two-sided
paired t-test reports their significant difference between LAD and WAD
conditions.

C. Predicted MSI

The time series MSI predicted by the 6 DoF SVC and 6 DoF
SVC-VV models are shown in Fig. 13. As a summarized
index of the time-series MSI, the mean MSI predicted by
the 6 DoF SVC and 6 DoF SVC-VV models are shown in
Figs. 14-(a) and (b), respectively.

In Table V, a two-way mixed-design ANOVA for the
mean MSI predicted by the 6 DoF SVC model revealed
no significant effect of the groups, conditions, and in those
interactions. The two-way mixed-design ANOVA for mean
MSI predicted using the 6 DoF SVC-VV model revealed a
significant main effect of conditions, with the LAD condition
showing lower MSI than the WAD condition (p = 0.008);
however, no significant effect was found in the groups and
their interaction.

Using the maximum MSI as an evaluation index,
Figs. 14 (c) and (d) show the maximum MSI predicted by
the 6 DoF SVC and 6 DoF SVC-VV models, respectively.
As presented in Table VI, a two-way mixed-design ANOVA
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Fig. 12. MISC reported from 27 participants every minute. The horizontal coordinate shows the time whereas vertical coordinate shows the MISC. Graphs
on the sky blue background represent MISCs reported by participants from LAD→WAD group whereas graphs on the yellow background represent MISCs
reported by participants from WAD→LAD group. Green lines represent MISC reported by participants in LAD whereas red lines represent MISC reported by
participants in WAD. The vertical broken lines indicate the moment of parking.

for the maximum MSI predicted by the 6 DoF SVC model
revealed no significant effect of the groups, conditions, and
interactions. For the maximum MSI predicted using the 6 DoF
SVC-VV model, the two-way mixed-design ANOVA revealed

a significant main effect of conditions, with the LAD condition
showing significantly lower MSI than the WAD condition
(p = 0.004); however, no significant effect was found in the
groups and their interaction.
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Fig. 13. Predicted MSI during the 25 minutes experiment by 6 DoF SVC and 6 DoF SVC-VV models for 27 participants. The horizontal coordinate is the
time and the vertical coordinate is the vomiting rate, i. e., MSI. Graphs on the sky blue background represent MSIs predicted for participants from LAD→WAD
group whereas graphs on the yellow background represent MSIs predicted for participants from WAD→LAD group. Green lines represent MISC reported by
participants in LAD whereas red lines represent MISC reported by participants in WAD. Dotted lines represent MSI predicted by 6 DoF SVC model whereas
solid lines represent MSI predicted by 6 DoF SVC-VV model. The vertical broken lines indicate the parking moment.

D. Comparison Between Predicted MSI and Reported MISC

As shown in Fig. 12, there were six participants (#02, #06,
#15, #18, #22, #26) who did not get any motion sickness

symptoms, i. e., all MISC reported were zero, in both LAD
and WAD conditions. Considering that our proposed 6 DoF
SVC-VV model was used to predict MSI, i. e., the percentage
of participants who may vomit during the experiment, the
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Fig. 14. Mean and maximum MSI predicted by the 6 DoF SVC model and the 6 DoF SVC-VV model (error bar: 95% confidence interval).

TABLE V
TWO-WAY MIXED-DESIGN ANOVA FOR MEAN OF MSI PREDICTED BY 6 DOF SVC MODEL AND 6 DOF

SVC-VV MODEL, SEPARATELY. ** SHOWS THE p < .01

TABLE VI
TWO-WAY MIXED-DESIGN ANOVA FOR MAXIMUM OF MSI PREDICTED BY 6 DOF SVC MODEL AND 6 DOF

SVC-VV MODEL, SEPARATELY. ** SHOWS THE p < .01

Fig. 15. Confusion matrices for the mean and maximum MSI predicted by 6 DoF SVC and 6 DoF SVC-VV models based on the mean and maximum
MISC reported from 21 participants who felt symptoms of motion sickness in at least one of the riding conditions. As the true result, the mean of MISC had
15 positive cases and 6 negative cases; the Maximum of MISC had 14 positive cases and 7 negative cases.

predicted MSI was difficult to represent the individual features
of participants who did not suffer from motion sickness.
Therefore, in the analysis in this subsection, we excluded data
from these six participants.

By analyzing the MISC of the remaining 21 participants, the
mean MISC had 15 positive cases and 6 negative cases; the
maximum MISC had 14 positive cases and 7 negative cases.
Taking the MISC results as the true result, confusion matrices
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Fig. 16. Accuracy, precision, recall, and F1 score for the mean and maximum MSI predicted by the 6 DoF SVC and 6 DoF SVC-VV models based on the
mean and maximum MISC reported from 21 participants who felt symptoms of motion sickness in at least one of the riding conditions.

of the mean and maximum MSI predicted by the 6 DoF SVC
and 6 DoF SVC-VV models are shown in Fig. 15. Regardless
of whether for the mean or maximum MSI, the TP when using
the 6 DoF SVC-VV model was higher than that when using
the 6 DoF SVC-VV; however, the TN when using the 6 DoF
SVC-VV model was lower than that when using the 6 DoF
SVC model.

Based on these confusion matrices, the scores of accuracy,
precision, recall, and F1-score for the mean and maximum
MSI predicted by the 6 DoF SVC and 6 DoF SVC-VV models
are shown in Fig. 16. Both the mean and maximum MSI
predicted using the 6 DoF SVC-VV model had higher
scores for accuracy, precision, recall, and F1 score than
those predicted using the 6 DoF SVC model. However,
the difference between the precision scores of the mean
and maximum MSI when these two models were used was
small.

VI. DISCUSSIONS

A. Reported MISC
The MISC reported by 27 participants at each minute is

shown in Fig. 12. We found that 21 of the 27 participants
experienced motion sickness symptoms during the APMV
riding experiment. This result illustrates that although APMVs
are driven at a lower speed than vehicles, their passengers also
have a high risk of motion sickness when it frequently avoids
obstacles or other pedestrians. However, many other studies
have reported that passengers are prone to motion sickness
when using cars [40], [41], [42]. or other vehicles, such as
vessels [43], [44], and aircrafts [45], we reported unprece-
dented results of motion sickness in passengers when using
miniaturized autonomous vehicles, such as APMV. Therefore,
this study presents a novel issue regarding motion sickness
and a new mindset for improving passenger ride comfort for
researchers and manufacturers of miniaturized autonomous
vehicles.

As presented in Table IV, we did not find a significant
effect of the experimental order of LAD and WAD on the
MISC results based on the between-group design. For the
within-group design, the results of the statistical tests validated

our hypothesis H in participants working with a tablet device
on the APMV (WAD) produced significantly more profound
motion sickness symptoms than when looking ahead (LAD)
(Fig. 10 and Table IV). This result is consistent with the con-
clusions of [14], [15], [46], [47], [48], and [49], where motion
sickness is induced by visual obstruction when passengers ride
in a car. One potential solution to reduce the motion sickness,
which involves difficulty in passengers obtaining information
about the vertical direction from their vision, is to consider
filling in the missing visual vertical cues [48], [50].

Furthermore, we found that, in Fig. 10, the degree of
motion sickness symptoms differed among participants. Such
individual differences in motion sickness susceptibility were
also reported in [49] and [51]. Although this study aimed
to model motion sickness to predict MSI, considering these
individual differences in the 6 DoF SVC-VV model is a
challenging future work.

B. Calculated Visual Vertical

The calculated visual vertical directions θvv by the proposed
method were compared with the gravitational acceleration
directions θ g which were estimated from the measured accel-
eration ( f = g + a) by IMU attached to the participant’s
head. The results in Fig. 11 show that the mean of the
correlation coefficients under the LAD condition was sig-
nificantly higher than their correlation coefficients under the
WAD condition, suggesting that the proposed visual vertical
prediction method can: 1) calculate the visual vertical direction
from environmental images with correlation to the direction of
gravitational acceleration in the absence of visual occlusion;
2) represent the effect of visual occlusion on the prediction of
visual vertical information from environmental images, e. g.,
participants look-ahead and look-at-the-tablet device in an
indoor environment.

This conclusion is consistent with the results of our previous
study [13], which focused on the use of APMV under outdoor
conditions. However, the correlation coefficients between the
calculated visual vertical direction and gravitational acceler-
ation direction in this experiment were not as high as those
in our previous study. Two reasons can be considered:1) The
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experimental scenes in this study were indoors; thus, the
contours of the objects affected the visual vertical prediction,
e. g., , tables and chairs placed in different directions. In [13],
the horizon line and contours of buildings in an open scene
contribute to the prediction of the visual vertical direction.
2) There was noise in estimating gravitational acceleration
owing to the movement of APMV. In [13], the calculated
visual vertical directions were evaluated with the direction of
acceleration f under a static condition (APMV was stopped,
a = [0, 0, 0]T ), in which measured acceleration f = g,
whereas the present study used an acceleration signal, which
is composed of the summation of inertial acceleration and
gravitational acceleration, i. e., f = g + a.

C. Predicted MSI

The conventional 6 DoF SVC and 6 DoF SVC-VV models
were used to predict MSI from IMU and camera data from
27 participants (Fig. 14).

As previously explained, MSI and MISC are different
indicators for evaluating motion sickness, i. e., MSI indicates
the percentage of participants experiencing vomiting when
exposed to motion for a certain time; MISC indicates each
participant’s subjective assessment of the severity of motion
sickness. Compared to the MISC reported in Fig. 12, the
predicted MSI cannot represent the individual differences in
motion sickness susceptibility.

In a between-group design, the results in Tables V and VI
show that the mean and maximum of the predicted MSI using
the two models were not significantly different between the
groups, that is, the order of LAD and WAD, is consistent
with the MISC results (see Table IV).

In a within-group design, the mean and maximum of the
predicted MSI using the 6 DoF SVC model showed no
significant difference between the LAD and WAD conditions.
This is inconsistent with the MISC results because the MISC in
WAD is significantly higher than that in LAD (see Table IV).
Contrarily, the proposed 6 DoF SVC-VV model predicted a
significantly higher MSI under WAD than under LAD with
the same trend as the MISC reported by the participants (see
Fig. 10 and Table IV). This implies that adding a visual vertical
part to the conventional vestibular motion sickness 6DOF-SVC
model facilitates the description of the difference in motion
sickness under different visual conditions.

In summary, the results obtained in this study imply that the
proposed 6 Dof SVC-VV model can describe the difference
in the severity of motion sickness for different vertical visual
conditions, such as increased motion sickness when reading
books during APMV while the conventional 6 Dof SVC model
does not.

D. Comparison Between the Predicted MSI and the Reported
MISC

In this subsection, we discuss the performance of the
predicted MSI by comparing it with the reported MISC.

Figure 15 shows the confusion matrices for the mean and
Maximum of MSI predicted by the 6 DoF SVC and the 6 DoF
SVC-VV models based on the mean and Maximum of MISC
reported by 21 participants (excluding six participants who did

not have any motion sickness symptoms). The mean of MSI
( Fig. 15 (a) and (b)), when using 6 Dof SVC-VV model,
TP=13 was higher than when using 6 Dof SVC model, i. e.,
TP=11. Similarly, the TP cases of the maximum MSI using
the 6 Dof SVC-VV model was 13, which was also higher than
the TP=8 obtained using the 6 Dof SVC model. Moreover, for
both the mean and maximum of MSI, the number of correctly
predicted negative cases (TN) by the 6 Dof SVC-VV model
was same as when using the 6 Dof SVC model.

Based on the confusion matrices above, the accuracy, preci-
sion, recall, and F1 score for the mean and Maximum of MSI
predicted by the 6 DoF SVC and 6 DoF SVC-VV models
are shown in Fig. 16. The accuracy and F1 score are the
overall evaluations of the prediction results. The accuracy
and F1 scores of the 6 DoF SVC-VV model were higher
than those of the 6 DoF SVC model for both the mean
and maximum values of the MSI. Moreover, precision and
recall are sub-scores of the F1 score. For both the mean and
maximum of the MSI, the precision scores of the 6 DoF SVC-
VV and 6 DoF SVC models were similar; however, the recall
scores of the 6 DoF SVC-VV model were higher than those of
the 6 DoF SVC model. Based on Table III, both models had
the same performance in predicting the correct positive results
over all positive predictions; however, the 6 DoF SVC-VV
model had a better performance in predicting correct positive
results over all positive true results.

E. Limitations

The visual vertical prediction method proposed in this study
can only predict the visual vertical direction in a 2D plane.
Therefore, the visual vertical direction changes caused by head
rotations along the pitch axis cannot yet be calculated.

The parameters in Table I were obtained from the conven-
tional 6 DoF SVC model of a previous study [24], which
did not include visual-vestibular interaction. Therefore, these
parameters may not be optimal for the proposed 6 DoF SVC-
VV model.

All participants were in their 20s. A broader demographic
survey is necessary, particularly for the elderly, who are
potential wheelchair users.

Furthermore, the proposed 6 DoF SVC-VV model cannot
be used to represent the individual traits of motion sickness
susceptibility because this model is designed to predict MSI.
Particularly, it is difficult to apply this model to people who
are extremely insensitive to motion sickness.

F. Future Works

The visual vertical prediction method was improved to
extract 3D visual vertical features from image data. This will
further help the 6 DoF SVC-VV model represent the change
in the visual vertical direction owing to head rotations on the
pitch axis.

Although the 6 DoF SVC-VV model uses the parameters
optimized by Inoue et al. [24], the study of [52] pointed out
that the parameters of the 6 DoF SVC model need to be further
optimized in order to represent different kinds of motion
sickness observations. In addition, the new parameter Kvvc,
which is the feedback gain of the visual vertical conflict, has
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not yet been optimized. We will address this issue in future
studies by adjusting parameters of the 6 DoF SVC-VV model
to match the full range of motion sickness observations.

Furthermore, because the proposed 6 DoF SVC-VV model
cannot be used to represent the individual traits of motion
sickness susceptibility, we will develop a new MISC prediction
model based on the 6 DoF SVC-VV model based on the model
proposed in [49].

Moreover, we consider that working with a tablet device
during riding APMV hinders the visual vertical perception
of passengers and their motion perception through dynamic
vision. Therefore, the integration of the proposed 6 DoF SVC-
VV model with the visual flow, referring to Wada et al. [27],
is an important future direction.

We have noted that different vehicles, such as cars, trains,
airplanes, etc., exhibit specific motion amplitudes. Therefore,
determining the motion frequencies and amplitudes at which
visual occlusion is more likely to induce motion sickness in
passengers is indeed a significant focus area for our future
work.

VII. CONCLUSION

To model motion sickness in passengers under different
visual conditions while using the APMV, this study proposes a
new computational model of SVC theory for predicting motion
sickness that considers the interactions between vertical per-
ception from the visual and vestibular systems. We added a
module for visual vertical perception to the 6 DoF SVC model
in [24]. Therefore, we proposed a visual vertical prediction
method based on an image processing technique.

In the experiment, 27 participants experienced APMV with
two visual conditions: looking ahead (LAD) and working with
a tablet device (WAD). Of these, 21 participants reported
motion sickness symptoms, particularly in the WAD condition.
Furthermore, based on the MISC reported by the participants,
we found that the proposed 6 DoF SVC-VV model more
accurately predicted MSI than the conventional 6 DoF SVC
model without visual input when the visual vertical direction
and direction of gravitational acceleration differed, such as
when participants worked with a tablet device while using an
APMV.
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