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Abstract— This paper presents a generic power wheelchair
dynamic model. As a first contribution, this paper proposes
to use a generic model composed of a geometric model and a
lumped model in order to be compliant with a wide range of
existing commercially available wheelchairs. In this model, a set
of essential parameters are enough to accurately replicate the
dynamic behavior of a wheelchair. As a second contribution,
this paper presents an identification method of a n-wheel type
power wheelchair. The presented model is restricted to the
sagittal plane only, which is sufficient to study the reliability of
the identification and validation methods. Moreover, a Motion
Cueing Algorithm based on the proposed model controls a
simulator mechanical platform. The generic model has been
then validated through a user study with 18 able-bodied
participants evaluating the self-motion perception with our
multisensory power wheelchair driving simulator. Results show
that the simplified model is sufficient to provide accurate
sensations to the user with respect to their experience while
driving a power wheelchair.

Index Terms—power wheelchair, assistive technology,
lumped-model, system identification, user study, VR.

I. INTRODUCTION

Driving simulation is a multisensory interactive appli-
cation that aims to reproduce the driving experience with
a real urban vehicle. The main objective of such simu-
lators is to safely train people until they acquire enough
skills to practice on a real vehicle. In the case of power
wheelchair (PW) driving, training and repeated practice are
mandatory to acquire driving skills, and thus to obtain PW
prescription from therapists. For any type of vehicle, driving
requires good visual, visuo-spatial and cognitive abilities.
Unfortunately, these abilities can be too impaired for some
people with neurological impairments to be able to train PW
driving, as vehicle operation is too dangerous, even under
supervision. PW simulation can provide these people with
appropriate training in complete safety, until they acquire
sufficient driving skills to train with a real PW [1].

The self-perception of our own movements through space
relies on our ability to process a combination of auditory,
visual, vestibular and proprioceptive sensory inputs. There-
fore, vehicle simulators are a combination of motion and
audiovisual platforms. While audiovisual cues can be pro-
vided by a HMD (Head-Mounted Display) and rely on soft-
ware development, vestibular and haptic cues are provided
by means of complex mechanical platforms with physical
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limitations due to their structure, such as limited reachable
workspace and the inability for the actuators to replicate
large accelerations. Therefore, the motion generated by a
simulator is generally different from the motion expected
by its user because of these technological restrictions. Then,
the reproduction of self-motion perception is a key strategy
to reach perceptual validity [2]. Indeed, a simulator should
provide high-fidelity motion cues to simulate vehicle motion
and provide the user with high-quality self-motion percep-
tion. The control of these motion platforms then requires
Motion Cueing Algorithms (MCA) to provide accurate self-
motion perception to the user while making a trade-off with
the physical constraints of the system [3].

In the case of a PW, the vehicle is 2-wheel differential
drive platform which requires for each user to customize
the seat and controllers, but also its dynamic parameters via
programmable profiles. Several works tackle the modeling
of a PW, but usually with PW-like robots (with custom elec-
tronics and motors) and not with commercially available PW
[4] [5]. However, commercially available PW are adapted
and customized for each user needs and characteristics.
This heterogeneity would require a fine identification of
numerous parameters to achieve an accurate modeling. Such
identification on each different PW model and configuration
would be tedious and inefficient. Yet, a generic model of
PW motion behaviour needs to be defined based on a set of
essential parameters able to fully characterize the system.

Lumped models are often used in the wheelchairs literature
as a generic model. Indeed, in [6] authors propose a human-
PW lumped model to design a dynamic absorber to compen-
sate for the vertical vibration effects due to road excitation.
This lumped model is then restricted to heave motion with
a single spring mass-damper connection to the floor and the
user is represented by a mass connected to the base of the
PW with a spring mass-damper system. Another human-PW
lumped model is proposed in [7] without defining a model
for the human which is simply represented by a mass on
the PW. This lumped model relies on a half-car approach.
Another half-car approach lumped model is proposed by
[8] for a manual wheelchair, where the user is represented
by an additional lumped model connecting head and body.
However, these lumped models are used to study vibration
effects only.

This paper proposes then to use such a model as an input
of the MCA in order to control the mechanical platform of a
PW simulator, a compact 4 DoF mechanical platform which
meets clinicians and end-users requirements [9] and simulate
any type of PW. The objective of the proposed model is that
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Fig. 1: Experimental setup. Participants were either on the wheelchair riding on a speed cushion (a) (b), or immersed in a

similar scene in virtual reality (b) (c).

the user self-motion perception in simulation matches the
one with a real PW. In an iterative process, this initial study
focus on the sagittal plane.

The contributions of this paper are:

o a lumped model representation in the sagittal plane of
a n-wheels PW including a minimal set of parameters;

« an identification method to fit the lumped model param-
eters to a real PW;

o a user study that validate the use of the lumped model
as an input of the MCA in our PW immersive simulator.

The remainder of the article is as follows. First, we
determine the key elements of the chosen Motion Cueing
Algorithm in section II. Then, we present a lumped model
and identify its essential parameters in section III. An ex-
periment with participants is presented in section V. Finally,
we draw guidelines for future work in section VI.

II. SIMULATOR MOTION CUES

PW driving simulation is performed with a combination
of motion and audiovisual platforms. Our multisensory PW
simulator is composed of a 4 DoF motion platform with
5 actuators (Fig. 1) and a software framework compatible
with any visual and auditory feedback platforms [9]. Its
mechanical platform is designed so that any commercially
available PW seat can be attached with the same mountings,
thus allowing appropriate seating customization for any user.

In order to provide PW motion perception to the user,
the actuators are controlled with a Motion Cueing Algorithm
(MCA). This algorithm tackles both the mechanical platform
motion and the rendering of visual cues through visual
feedback interfaces.

In the field of vehicle simulation, there exist several
Motion Cues Algorithms that are commonly used to control
vehicle simulators [3]. The first MCAs that have been devel-
oped are washout algorithms [10]. They consist of scaling,
filtering and tilt-coordination and became a reference widely
used in the field because of their relative simplicity and
reasonable performance. [11] have proposed other strategies
such as MCA based on Optimal Control which integrate a
mathematical model of the human vestibular system. In [12]

[13], a Model Predictive Control (MPC) has been proposed
in order to improve the realism of motions produced by
the platform, taking into account its workspace, where the
algorithm parameters are set for the worst case scenario.
In [2], authors present an objective method for assessing
the perceptual fidelity of motion in vehicle simulators. [14]
has proposed a methodology to implement classical MCA
in discrete time recursive equations. In the literature of
PW simulators, there are few works on MCA. In [15], a
PW is disposed on a Gough-Stewart mechatronic platform,
and a MPC-based MCA approach is proposed to efficiently
optimize the motions of the platform.

In this paper, we propose to implement a MCA dedicated
to a PW simulator based on washout algorithm, which is sim-
ple and computationally efficient [16]. The implementation
follows the recommendations detailed in [17]. This paper’s
objective is to demonstrate that a generic PW lumped model
is sufficient for this MCA to provide realistic self-motion
perception.

III. MODELING

In this paper, we propose a generic modeling for all types
of PW. The proposed model is limited to the PW mobile
base (i.e. from the wheel to the seat mountings) since we do
not need to model the seat motion as our simulator platform
can be fitted with any commercially available PW seat.

The proposed model is composed of two parts:

e a PW Geometric Model (GM) which represents the
wheels and the suspension articulation system ;

e a Lumped Model (LM) which represents the PW dy-
namic behavior.

A. Geometric model

The proposed Geometric Model (GM) for a 6-wheel PW
is represented in the sagittal plane in Fig. 2 and defines:

e (Oworld, T, z) the world reference frame in the sagittal
plane ;

e O; with ¢ from 1 to n and n the number of contact
points of each wheel in the sagittal plane according to
the world reference frame ;
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e Og)s the output of the geometric model ;

o (Ogrisxa, zau) the PW frame attached to Ogyy ;

e Ognr the orientation of the frame (Ognr, Taar, 2anm)
with respect to the (Oyorid, T, z) frame ;

o Zany the altitude of the center of mass in the world
frame.

V4

Oworld

Fig. 2: PW Geometric Model: example with a 6-wheels PW.

The purpose of the GM is to estimate 65y and Zgns
shown on Fig. 2 regardless of the type of PW used.
The estimators are defined as:

= Zaizoi (1)
n—1 n

Z Z Bij arcsm( daz _ZO > )

1=1 j=i+1 v

Zam

Ocm =

where a; and 3;; are related to the suspension architecture
of the PW used and are experimentally identified, Zo, the
altitude of the wheel contact point in the Oor1q frame, dx;;
the distance between the contact points of the wheels, and
dc,, is a constant value given by the altitude of the center
of mass when the PW is on a flat plane.

B. Lumped model

A lumped model simplifies the description of the physical
system behavior. This model is used to facilitate the calcu-
lation, so the complexity of geometry can be ignored.

For the sake of simplicity, this paper presents the relevance
of the LM assuming that the PW always maintains its motion
in the sagittal plane corresponding to the X — Z plane of
the PW (Fig. 2), i.e. the influence of axial perturbation or
deflection to the motion of the PW is not considered in the
proposed model.

We here propose a kinematic chain composed of a linear
spring mass-damper system for the heave effects and a
torsional spring mass-damper for the pitch effects. The PW
model is therefore simplified in a 2 mass spring damper
system.

Fig. 3 represents our dynamic model, as the extension
of the GM defined in Fig. 2. Fig. 3 shows simplified LM
according to Z and according to 6, in series, taking as input
the GM frame (Ogar, Taar, zear) and having as output the
center of mass frame (Cys,xr, zpr) attached to the center

Z6M

OGM XM

Fig. 3: PW Lumped Model.

of mass C); in the sagittal plane. We here define the LM
parameters Ky, Cy, Kz, and C; as the stiffness and damping
value according to Z and 6 respectively.

We define the motion equations of the PW model by
using Newton’s second law. It yields the familiar equation
of motion

MXn + C (Xum — Xam) + K (Xn - Xam) = F (3)

with X = [ZGM(t) QGM(t)]T the output of the
GM, Xy = [Zu(t) QM(t)}T the output of the LM,
F = 0 Fg t the external forces applied on the PW,
the mass matrix of the PW, C = Cz 0

0 Cy

Kz 0

the damping matrix and K = { 0 K

] the stiffness

matrix.

IV. IDENTIFICATION

The GM and the LM are identified using the same exper-
imental protocol. An experiment with the PW is performed
to identify the LM parameters defined in equation (3). The
purpose of this experiment is to measure the PW motion in
order to identify K, C and M.

M consists of the moving mass of the PW (M) and the
mass of the user (M,,)

M = My + M,. “4)

The moment of inertia J depends on the moment of inertia
of the PW (Jy), the moving mass M and the position of the
centre of mass (d¢,,) along z,,

J=Jo+dg, M. (5)

dc,, depends on the mass of the person seated on the PW
chair. [18] and [19] proposed an experimental method to
determine the center of mass and the moment of inertia.
For this work, we followed their suggestion to approximate
the position of the center of mass C'j; as defined on Fig. 3,
under the seat of PW.
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Fig. 4: Straight line servoing block diagram: a proportional
integral correction targeting zero-speed on the y-axis is used.

1) Hypotheses: The mass loaded on the PW has effects
only on the inertia of the PW. It has no effect on the PW
speed as the PW manufacturer power module controller is
designed to adapt torque to maintain speed, i.e. the defined
forward speed is always reached regardless the external
perturbations applied on the PW.

We considered 2 independents degrees of freedom Z and
6, however, the damper and spring of each degree of freedom
refer to the same suspension system.

2) Experimental setup: The experiment consists in ap-
plying autonomous control to the PW to maintain a linear
trajectory on a path with a speed cushion so that there are 3
motion steps: acceleration on flat floor, constant speed on
the speed cushion portion, and deceleration on flat floor.
The setup is shown in Fig. 1. The PW power module have
programmable profiles which allows to configure velocity
and acceleration. The measurements were done with 28
different profiles from 0.6 m.s™! to 2.4 m.s~!. For each
profile, we perform 5 tests each time for 6 conditions, i.e.
with or without a speed cushion on the PW path with
different loads M, on the PW (Okg, 50kg, and 100kg).

The PW trajectory is measured with the motion capture
system Qualisys which consists of 12 high speed infrared
tracking cameras and a set of passive markers attached to the
PW frame. The PW autonomously follows a strictly straight
trajectory. We compensate the possible PW drifting effects
by means of a corrector shown on Fig. 4. On this figure
Uconwol 18 the speed selected for the trial, y is the targeted
zero-speed in y direction, weonirol i the rotation control given
to the PW after correction, Uconiwo 1S the control vector
combining Ueontrol aNd Weontrol, X 18 the state of the PW and y
is the estimated y position of the PW given by the Qualisys
tracking system.

The GM parameters were identified with the set of mea-
surements with lower speed (0.6 m.s~!) in order to neglect
the dynamic effects, and the LM parameters were identified
with the set of measurements with higher speed (2.4 m.s™1).
The LM is identified using a state space approach in the
time domain using an iterative rational function estimation
approach [20]. We identified Kz and Cz using our identifi-
cation data set along the Z axis. We used the same identified
values of natural frequency and damping ratio for Ky and
Cy as they refer to the same suspension system.

Table I shows the identified parameters.

3) Model validation: Fig. 5b and Fig. 5c shows the
identified model overlaying the validation data from the tests
carried out at speed of 1.2 m.s~! and a user mass of 100 kg.

ai 0.17 az 0.66

az 017 Bis O

Bi2 0.5 B23 0.6
dzri2 038 m dzas 0.38 m
dzroz 0.76 m dcy, 0.43 m

1.04e* N.m/rad
5.6e? N.m.s/rad
9.9 kg.m?

K;  4.18¢* N/m Ky
Cyz 2.24e3 N.s/m Cy
My 53 kg.N/m Jo

TABLE I: Identified essential geometric and dynamic param-
eters of PW
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Fig. 5: Comparison of models and experimental data at
forward speed of 1.2 m.s~!. Dashed line is ground truth from
validation data (Qualisys measurements — Z and 6g). Solid
line is global model (GM + LM — Z v and 0 M)-

We use the normalized root mean square error to evaluate the
fitness of our model. We observe that the Fig. 5b referring
to the degree of freedom Z shows properly fitted curves,

with NRMSE, = 100 (1 — %) giving a fitness

value indicator of 79.3% while on Fig. Sc referring to the
degree of freedom, the model appear to be scaled down with
a NRM SEjy fitness value indicator of 57.6% .

This identification require further validation. Fig. 6 shows
the validation workflows for the identification. On Fig. 6a,
tracking data are used as input for the MCA, while on
Fig. 6b, data are reconstructed with the model. On Fig. 6a,
Qualisys measurements output a state of the center of mass
which is directly injected in the MCA. On Fig. 6b, the X,
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(a) block diagram defining “ground truth” condition
of the experiment.

(b) block diagram defining "model” condition in the experiment.

Fig. 6: Block diagrams defining our two experimental conditions.
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Fig. 7: Comparison of MCA outputs with model data and
tracking data.

input from ground truth data is given in a topology block
which generate the Zp, component for each wheel, which
is then given to the model which generates an estimated
state (Z , Z, 9, é) of the center of mass. This partial state is
associated to the X input and fed in the visual cues block
and in the MCA. On both Fig. 6, the MCA generates heave
and pitch control signals to be used by the motion platform
(MP).

The Fig. 7 shows a comparison between the MCA outputs
when either ground truth validation data or model data are
used and provides the related cross correlation. The main
difference between the two conditions occurs at time=3s, and
corresponds to the first peak shown on Fig. 5¢ (X = 1.8 m).
This corresponds to the moment where the caster wheel is
in contact with the cushion: our model considers the cushion
as infinitely rigid, leading to relatively high reaction of the
MCA.

V. USER PERCEPTION STUDY
A. Objectives and hypotheses

A user perception study has been conducted in order to
validate our PW model. Our hypothesis is that the model
is accurate enough to provide the proper sensations to the
users of our simulator. The experiment consists in asking
participants to evaluate the quality of their sensations in

the PW simulator in two conditions: in the PW simulator
using data captured with the real PW, and with the PW
simulator using data generated by the generic PW model. The
objective is to evaluate the quality of the PW state generated
by the generic PW model when compared to the PW state
extracted from motion capture through the motion cues of
the simulator. For all conditions, the PW profile was set to
1.2 m.s™!, as it is a good representation of a typical indoor
navigation.

B. PFarticipants

18 people participated to our study. All subjects were from
INSA Rennes (employee or students) who volunteered for
the study.They gave their informed consent. The protocol
has been validated through “Inria Coerle” ethic comity.

C. Procedure

In an initial step, participants could get used to a PW
and focus on their perceptions during a predefined trajectory.
Then the PW were positioned on a marker in the room. The
control algorithm shown on Fig. 4 was used to perform a
straight linear motion of the PW with the user. They could
use the joystick as a dead-man switch and had no other
control over the PW. The set up is shown on Fig. 1.

1) Tasks: The participants were immersed in the virtual
room shown on Fig. 1 and could look around to get used
to the virtual environment. They were sitting on our PW
simulator wearing a head mounted display as shown in Fig. 1.
Once they were ready we simulate a pair of trials, the virtual
PW is likewise autonomously controlled. The virtual PW
followed either a trajectory corresponding to measurements
of the real PW (condition 7T, Fig. 6a), or a trajectory
generated by the generic PW model (condition 7;,, Fig. 6b).
Conditions 7T;. and T},, where randomized. Participants where
asked to focus on their sensations to compare them with their
earlier sensations in the real PW, thanks to a questionnaire.

2) Questionnaire: We used a decision tree with descrip-
tors leading to numerical ratings (Fig. 8a) based on the
same structure as the established Cooper-Harper HQR scale
[21], but streamlined to fit our application. The decision
tree guides the participant to evaluate his or her experience
with a numerical rating between 1 and 6: a rating of 1
indicates that the motion cues are consistent with reality,
the sensations are close to reality, and there are insignificant
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impairments; a rating of 5 indicates that the motion cues are
not acceptable, that there are obvious deficiencies leading to
total disorientation. A score of 6 does not mean that this is
the worst possible configuration, but simply that no signal
was perceived.

[6)]

N

N

Perceptual fidelity score
w

Tm Tr
(a) Decision tree. Exp. condition

(b) Perceptual fidelity
scores wrt experimental
conditions.

Fig. 8: Decision tree (a) used to guide participants to rate
their feeling after each trial in simulation and results (b) as a
boxplot from the questionnaire using (a). The boxplot gives
the median, 25 and 75 percentiles with extrema values.

D. Results

Results are given in boxplot diagrams which represent the
score given by each participant for the different experimental
conditions (Fig. 8b).

Each participant felt sensations in the simulator (no one
gave a score of 6), and 95% of the participants gave either a
score of 1 ("Accurate”) or 2 ("Fairly accurate”) for each con-
dition (max. value is 3: "Mixed Feeling””). Mean values were
found at 1.89 (Med: 2) for condition 7}, and at 1.78 (Med:
2) for condition 7). Scores values were not normally dis-
tributed (Shapiro-Wilk normality tests) and matched-paired
Wilcoxon test showed no significant differences between the
two conditions (p = 0.5045, W = 180). This suggests that
the motion rendered by our model leads to a realistic motion
perception, similar to the one obtained with ground truth
data.

VI. DISCUSSION

The results on Fig. 7 show the different MCA outputs
generated thanks to respectively the model and the tracking
data corresponding to the ground truth, and compare them
using cross correlation. When synchronizing both signals,
the cross correlation is maximal for heave control and pitch
control, displaying values higher than 0.98. This result shows
the high level of similarities between the model based signal
and the tracking data based signal. To complete the validation
of our model, a user study was conducted in section V which
showed that the participants perceived accurate motions with
respect to the reality. The PW motions (real and virtual)

were autonomous so that each participant experienced the
same conditions. Regarding the score given by participants
to each condition, the statistical analysis shows that there
is not a significant difference between the “tracking data”
condition 7, and the ”model based data” condition 7},,. This
results shows a similarity between the two conditions in
terms of perception. This fully validates the identification
presented in section IV. These results are in accordance with
our assumption: the model is accurate enough to be used in
simulation.

In the future, we would like to expand the lumped model
of the PW to all degrees of freedom, and to extend it to
take into account caster wheel behavior. If we have restricted
the study to 6-wheels wheelchairs, our approach is suitable
to other types of wheelchairs, such as 4-wheels wheelchairs
with propulsion or traction. In addition, we plan to determine
a more specific Motion Cueing Algorithm of our simulator
in order to improve participant experience. Finally, we are
planning experiments where the participants will drive by
themselves the PW (real and virtual) in a circuit. In addition,
it would be interesting to use physiological measurement
devices (EMG, EEG, GSR...) to evaluate the attention and
cognitive cost.

VII. CONCLUSION

This paper proposes a generic lumped model of power
wheelchair whose purpose is to serve as an input for a Motion
Cueing Algorithm (MCA) controlling a power wheelchair
simulator. This paper describes this model restricted to the
sagittal plane. The accuracy of such model has been inves-
tigated by the means of a user perception study. The model
was first identified with respect to a real power wheelchair.
The identification was validated using cross correlation when
comparing the MCA outputs between the model and ground
truth data. The model was then used in a user perception
study. The participants of the study were asked to focus on
their sensations in the simulator along with two conditions:
the simulator was either controlled by a ground truth tracking
based dataset, either by a model based dataset. The results
of this study show that there is no difference between the
two conditions in terms of sensations. Therefore, we can
consider the proposed model to be accurate enough to be
used in our simulation. In addition, our model can be easily
extended to any type of power wheelchair (rear, middle, front
drive wheels), and to integrate additional degrees of freedom.
These issues will be addressed in future works.
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