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A Time-Varying Weight MPC-Based Motion
Cueing Algorithm for Motion Simulation
Platform

Mohammad Reza Chalak Qazani, Houshyar Asadi, Member, IEEE, Shady Mohamed, Chee Peng Lim,
Saied Nahavandi, Fellow, I[EEE

Abstract— The motion cueing algorithm (MCA) is playing the
most critical role in motion simulation platform (MSP) to
reproduce the realistic motion sensation of the real car for the
MSP’s users while taking into cogitation of the physical
boundaries of the platform. Recently, the model predictive control
(MPC) is employed for designing MCAs which led to the formation
of MPC-based MCAs. The purpose of the MPC-based MCA is to
recalculate the optimal values of the input signals with
consideration of the MSP’s physical restrictions. All the current
MPC-based MCAs have fix weights that can cause the
conservative and inefficient utilization of the MSP’s workspace
limitations as they have been tuned based on the worst-case
scenarios to keep the platforms within their physical limitations.
Then, the error of motion sensation between the real car and MSP
users increases due to the conservative utilization of the MSP’s
workspace boundaries. The main objective of this study is to
provide more efficient workspace utilization to minimise the error
of motion feeling between the real car and MSP users while
respecting the workspace boundaries. A procedure according to
the optimised fuzzy logic-based units is employed to calculate the
appropriate MPC weights online while considering the sensed
specific force error, sensed angular velocity error and the current
motion status of the MSP including linear position, linear velocity
and angular position of the cockpit. The proposed MPC-based
MCA is designed and developed using MATLAB. The outcomes
show a better motion feeling compared with the current MPC-
based MCAs.

Index Terms— motion cueing algorithm, time-varying weight
model predictive control, fuzzy logic, multi-objective genetic
algorithm, hexapod platform

I. INTRODUCTION

HE motion simulation platforms (MSPs) are prevalent in

different domains such as road safety, user training,
transportation, public trust to autonomous vehicle and virtual
vehicle prototyping [ 1-3]. The MSPs reduces the costs, time and
damages while providing realistic motion sensation for the
MSP users to experience virtual driving. The MSP manipulator
consists of passive and active joints. The physical and
dynamical boundaries of the joints cause the workspace
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boundaries of the MSPs [4-6]. The motion cueing algorithm
(MCA) is used to reproduce the motion feeling of a real car as
close as possible using the MSP with respect to the physical
boundaries. The motion sickness is one of the common
problems of the MSPs which happens because of the
discrepancies between the motion cues and perceived visual [7].
These discrepancies happen because of limitations of the
platforms and employing inefficient MCAs.

The first classical washout filter was proposed by Conrad and
Schmidt [8] as the most common phase of the MCA. It consists
of the high-pass and low-pass filters as well as the tilt
coordination channel to produce the sustainable acceleration
sensation via somatogravic illusion [9]. There are a few
drawbacks using classical washout filter such as absence of the
human vestibular system model and fixed parameters. Schmidt
and Conrad [10] developed the adaptive washout filter to
conquer the shortcomings of the classical washout filter by
varying the fixed indexes of the classical washout filter. Asadi
et al. [11, 12] employed the fuzzy logic to design an adaptive
washout filter with consideration of both human vestibular
model and physical limitations of the end-effector. Qazani et al.
[13, 14] improved Asadi’s [11, 12] works with consideration of
the joints’ limitations instead of end-effector’s limitations.
Recently, Qazani et al. [15] proposed the high-efficient
adaptive washout filter with consideration of the dexterity to
use the high dexterous area of workspace to regenerate the
better high-frequency part of the motion signal. The optimal
washout filter [16, 17] has the optimal structure of the classical
washout filter with consideration of the human vestibular
model. It aims to minimise the motion feeling error between the
real car and MSP users. The most significant disadvantage of
the optimal washout filter is the implementation of the white
noise to extract the optimal higher order filters. Asadi et al. [18,
19] designed a genetic algorithm-based optimal washout filter
to address this issue and consider the system’s nonlinearities
with regeneration of the motion compensator signal. Recently,
Qazani et al. [20] introduced the optimal washout filter with
consideration of the inverse kinematic solution to respect the
joints’ limitations with addition of end-effector limitations.
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The intention to obtain the optimal values of the input signals
with cogitation of the workspace limitations results the first
model predictive control (MPC)-based MCA by Dagdelen et al.
[21]. But, their proposed MPC model could easily reach the
workspace limitations because of ignoring the tilt coordination
channel. Explicit MPC uses an offline computation mechanism
to extract the affine functions of the whole operating regions.
The computational time of the explicit MPC is lower than the
traditional MPC (implicit). Then, there are suitable for MSP
with low degree-of-freedom (DoF). The first explicit MPC-
based MCA is proposed by Fang and Kemeny [22]. It is very
fast for the MSP with a 2-DoF motion such as longitudinal.
Unfortunately, the computational burden of the method
increases exponentially for tackling systems with high DoFs,
and it is not feasible to find the affine function in some cases.
Mohammadi et al. [23] used the exponential weighting
technique to increase the efficiency of the MPC-based MCA
using short prediction horizon. Bruschetta et al. [24] developed
a real-time MPC-based MCA for a 9-DoF MSP with real-time
implementation capabilities. Mohammadi et al. [25] used the
genetic algorithm with interaction of the human to optimise the
weights of cost function in the MPC-based MCA. Qazani et al.
[26] designed the MPC-based MCA for a midsize MSP using
the decoupled model of the vestibular system to control the tilt
angle more precisely. Later, Qazani et al. [27, 28] used a linear
time-varying MPC-based MCA with definition of terminal
conditions to consider a nonlinear kinematic model of the
Hexapod manipulator, resulting in a low computational load
MCA model as compared with that of NMPC [29] and lower
chance of instability facing abrupt motion scenarios. Miunske
et al. [29] introduced a new MPC-based MCA with
consideration of the actuators’ acceleration limits using inverse
Jacobian matrices of acceleration kinematics. Grottoli et al. [30]
conducted the first objective evaluation of MPC-based MCA
using time-varying and constant reference signals.

There are two methods for evaluation of the MCA including
objective and subjective studies. The objective study of the
MCA has been comprehensively reviewed by Casas et al. [31].
Also, Casas et al. [32] investigated the comprehensive objective
study using different MSPs with different limitations and DoFs.
This assumption has been followed in lots of researches’ works
[21, 22, 24-30]. On the other hand, Arjoni et al. [33] used the
subjective study for a flight MSP using flight operational
quality assurance. Natal et al. [34] analyzed the implementation
details of the classical washout filter in MSP. Pieters et al. [35]
investigated the practical implementation of the classical
washout filter on human control tracking behavior. Bachelder
et al. [36] employed the subjective evaluation of the MCA in
order to rate the workload of the pilot using flight MSP. It
should be noted that the objective study of the MCA is the most
fundamental part of MCA design and modification. In this
research, three parameter including root mean square error
(RMSE), correlation coefficient (CC) and absolute
displacement of the end-effector are employed to objectively
evaluate the proposed and current MPC-based MCAs.

All previous studies [21, 22, 24-27, 29-31, 37] on MPC-
based MCAs including linear and nonlinear MPCs employed

the fixed weight parameters. This causes to the poor utilization
of the workspace as the weights are tuned for the worst-case
driving scenarios to keep the cockpit within the workspace area.
For instance, if the weights are tuned to use the more workspace
areas, it will increase the risk of reaching to the active joints’
limitations, which are the main reason for the false motion cues
and motion sickness. On the other hand, the large weights lead
to the poor utilization of the workspace area which can increase
the motion sensation error. In this study, the fuzzy logic
controllers are employed to adaptively vary the weights of the
MPC model based on motion signals and cockpit positions. The
variation of the MPC weighting parameters leads to
regeneration of more accurate motion signals with high fidelity
via a better exploitation of the workspace limitations, as
compared with those of the current MPC-based MCA models
with constant weighting parameters. It means that the proposed
MPC-based MCA is able to generate the motion signals that can
exploit larger workspace areas when the cockpit is close to the
neutral position and the motion sensation error is large (i.e., by
using low displacement weight). On the other hand, it is also
able to better exploit the workspace constraint when the cockpit
is close to the boundary limit (i.e., by using high displacement
weight). In addition, a genetic algorithm (NSGA-II) is used to
extract the optimal membership functions of the fuzzy
controller to increase the efficiency of the proposed MPC-based
MCA concerning platform workspace utilization and
minimization of motion feeling error. The major objective of
this study is to preferable use of the MSP workspace to
minimise the motion sensation error.

Section II explains the structure of the Hexapod MSP, the
MPC-based MCA with integration of the human vestibular
model. The proposed fuzzy logic controller is presented in
Section III to adaptively vary the weights of the MPC-based
MCA. The extracted model has been developed in the Simulink
environment of the MATLAB software, and results are
extracted and disputed in Section IV. The conclusions are
presented in Section V.

II. MPC-BASED MCA FOrR HEXAPOD PLATFORM

The improvement of the hardware and software increases the
utilization of the MPC as a novel control method in industries
[38] because of easing the computational load of the MPC
algorithm. The MPC considers the constraints of Multi-Input
Multi-Output system, easily. Moreover, it can be implemented
for the nonlinear model with different limitations. The MPC is
a constrained optimisation technique with consideration of the
limitations to reach the output signal towards the reference
signal along prediction horizon N, with implementation of the
input signal along control horizon N;. Then, the first argument
of the found optimised input signal is implemented to the
system (receding horizon). This process continues until the end
of the motion scenario, while solving the optimisation problem
at each sampling time [39].

A. Hexapod Motion Platform

The MSPs can be categorized into serial-, parallel-, and
hybrid-based structure [4, 40]. Qazani et al. introduced and



investigated the regeneration of the motion cues using different
MSPs such as Hexarot [41-43] and Gantry-Tau [44-46]. A
Gough-Stewart platform known as Hexapod platform is a type
parallel manipulator that consists of six prismatic active joints,
which are attached to the base platform via six passive joints
and the cockpit via six passive spherical joints as shown in Fig.
1 [47]. The cockpit regenerated the 6-DoF motion signals,
which are the three linear displacements known as longitudinal,
lateral and vertical along x-, y- and z-axis, and the three angular
displacements known as roll-, pitch- and yaw-angle (shown as
¢, 6 and ). Qazani et al. [48] investigated the performance of
the Gough-Stewart platform using classical and optimal
washout filters

B. Human Vestibular Model

The human vestibular system consists of various
components, while the main parts (otolith organs and
semicircular canals) can be found in the inner ear in vestibular
labyrinth. The otolith organs and semicircular canals are
responsible for feeling the translational and rotational motions
incorporating with linear acceleration and angular velocity
motion signals [17]. The perceived translational motion signal
by the real car and MSP users can be calculated as follows:

Sp=a—g (1)
where S known as sensed specific force can be formulated in
the matrix form as [19]:

fxéax_ge
SF = fy éax+g¢ (2)
fzéaz_g

In this study, the Telban’s vestibular model [17] which is
investigated deeply by Asadi et al. [49] is applied to calculate
motion sensation of the real car and MSP users. The
translational motion sensed by otolith organs £ is:

TgS+1

/é = Koro ((th(+cll)(tsi+1))' Q)
where 7, are T, are the long- and short-time constants of otolith
organs in the longitudinal channel (r;=5.3 and 7,=0.016
seconds). Also, 7, and K,7, are neural processing term lead
operator and the human translational threshold unit in the
longitudinal channel (r,=13.2 seconds and K,7,=0.4). The
state space matrices of the human otolith model based on Eq.
(3) can be extracted using the tf2ss function in MATLAB. Also,

the rotational motion sensed by semicircular canals 0 is:

0 717552
9 = ((1+1115)§1+tzs))' )
where 7; and 7, are the long-time constant and the adaption
time constant of semicircular canals in the longitudinal channel
(t1=5.3 and 7,=30 seconds). It is the proposed model by Telban
and Cardullo which is investigated by Asadi et al. [50]. The
state space matrices of the human semicircular model based on
Eq. (4) can be extracted using the tf2ss function in MATLAB.
Then, the state-space model of the vestibular system is able
to be extracted by combining the Eq. (3) and Eq. (4) in the state-

a,0 Qaz

Fig. 1. The structure of the Hexapod platform.

space mode.

Xy = AyXy + Byu.

yv = Cyxy + Dyu. )
whereu = [0 a,]" is the control action (angular velocity and
linear acceleration); Xy is the human vestibular model state

vector; while Ay, By, Cy and Dy are the state space matrices of
the human vestibular model that can be found as:

_[Ascc O
Av=|"o Aoro
By = [Bscc BOTO]T
_[Cscc O
S .
Dy = [Dscc  Doro]” (6)

where SCC and OTO indicate the semicircular system and
otolith organ, respectively.

C. Model Predictive Control-based MCA

In order to extract the MPC model, the discretised state-space
model of the system should be extracted to be employed inside
the controller are follows:

X, (t+1) =A, x,(t) +B,u(t).
y(£) = CnXpy (t) + Dyu(t). (7

where A, B, and C,, are matrices of MPC state-space model
in discretised form using T; = 0.01 (s) sampling time. As there
is the linear displacement, linear velocity and angular
displacement limitation cooperating with the MSP, then the
state-space model of the vestibular system, which is found in
Eq. (5), should be combined with the integral state-space model
to respect the MSP limitations as follows:

Xd = Adxd + Bdu (8)

where Ay, By and x4 are:

Ad=0 0 0

0 0 0

©)

010]



0 0
By=|0 1 (10)
0 0
Xq = [[[ a,dt? [Xdt 6] (11)

The continuous state-space model of the MPC can be
extracted by combining Eq. (5) and Eq. (8). Then, it should be
discretised to results Eq. (7), where A, B, C, and D, are:

An=|o a,
Bm = [BV Bd]T
_[Cv O
Cn = [o 1]
Dy =[Dy 0]" (12)

where I and 0 are identity and zero matrices. As such, the state
vector of Eq. (6)isx,,, = [Xv X4]T.

There are limitations on the rate of input, input and output.
Then, the rate of the states and inputs should be extracted as
Ax, (t) 2 x,(t) —x,,(t — 1) and as Au(t) 2 u(t) —u(t —
1). The augment state-space model can be defined as:

x(t+1) = [C:Km (l)]x(t) + [C:Em] Au(t).

y@® =1[0 1x()
Axpy (t)

y(©)

input and state vector of the new generated model in Eq. (13).
The matrices of the new model in Eq. (13) are shown as A, B

and C. Then, the new state-space model in Eq. (13) can be

extracted as follows:

x(t +1) = Ax(t) + BAu(t).

y(®) = Cx(t) (14)

The aim of the MPC is to compute and estimate the future

output in a prediction horizon Np with implementation of the

control action in the control horizon N;. The prediction of the
states and outputs in the n sample time can be calculated as

x(t + 1]t) = Ax(t) + BAu(t).
y(t + 1|t) = CAx(t) + CBAu(t)

(13)

where rate of the input Au and x(t) £ [ are the control

x(t + Np|t) = AVPx(t) + ANP~1BAu(t) + AVP~2BAu(t +
1) + -+ AVP~NeBAu(t + N, — 1)

y(t + Np|t) = CANPx(t) + CANP~1BAu(t) +

CAMP~ZBAu(t + 1) + -+ CANP"NeBAu(t + N, — 1)  (15)

where x(t + n|t) are the sample time of the control and the
state in the n sample time.

The new vector form of inputs and outputs of Eq. (15) called
AU and Y where AU € RWcNi)*1 and Y € RVPNoud*1 N,
and N,,,; are the size of Au and y, respectively. Then, the input-
output evaluation of the model can be presented as follows:

Y = f + GAU (16)

where f and G are matrices as follows:

cA
£=| |xo)
CAP
cB 0o -~ 0

G= (17)

CAB CB 0
CAMP~1B CANP2B CANe~NcB

The definition of the reference signal, R, is critical to
obtain the cost function. There are two hypotheses to define the
reference signal including time-invariant and time-varying
methods. In this work, the time-invariant method is selected to
decrease the sensitivity of the system to the sudden changes in
the motion signal. The cost function, J is defined to decrease the
motion sensation error between the real car and MSP users, as
follows:

J(AU) = (Res — Y)"Q(Ros — Y) + UTSU + AUTRAU  (18)

where Q, S and R are the weighting matrices of the output, input
and rate of input, respectively. In the proposed method, the
weights of the outputs, Q are time-varying and should be
recalculated online at each time step. The S and R weighting
matrices are fixed, owing to the ability to monitor the
parameters (through sensors) in weighting matrix Q and the
ability of the MSP to regenerate large acceleration signals using
parallel MSP structures. Also, The MSP user motion sensation
is also being monitored using mathematical model of motion
vestibular system.

The input arrangement U can be found based on AU and
u(t — 1) as follows:

|[1 0 0]| u(t—l)}

U=if L 9iAU+|u(t: bl (19)
[ 1 o 1 luce— )l
ll I s IJ lu(tﬁi 1)J

The new cost function can be found by substituting the Eq.
(16) and Eq. (19) in Eq. (18) as:

J(AU) = (R, — f — GAU)TQ(R, s — f — GAU) +
(TAU + U)TS(TAU + U;) + AUTRAU (20)

with a definition of the H 2 2(GTQG+ R + T"ST) and g =
2(GTQ(f — R,) + TTSU,), the Eq. (20) can be extracted as:

20

It should be noted that using time-varying weight MPC needs
to update the Hessian matrix H and gradient matrix g should be
updated at each time-step according to the calculated weight
matrix Q via FIC units. Also, the MPC horizons including
prediction and control horizons are chosen based on the
conducted research by Mohammadi et al. [51], which aim to
ease the computational load due to the calculation of the
Hessian and gradient matrices. Qazani et al. [52] employed a
butterfly optimization algorithm to extract the optimal MPC

J(AU) = ~AUTHAU + AUTg



horizons in order to ease the computational load as well as
decreasing the motion sensation error between he MSP’s user
and the real vehicle’s driver. When combined with linear
constraints, it is the classical expression of the QP problem that
is used to optimise the AU. Then, the constraints of the MPC
model should be formulated as a function of AU as (Ax < b) to
calculate an analogous formulation. It is presented as:

M,

:
M,
The constraints are interpreted into three groups, such as
limitations on the outputs, inputs and inputs rates. M; and n,
matrices are related to the limitations of the input rates, which
are the angular acceleration @ and linear jerk, Jerk, of the
hexapod MSP. M, and n, are defined as the constraint matrices
of the input, which are the angular velocity @ and linear
acceleration a,, of the hexapod MSP. M; and n; are related to
the output results, which are the linear displacement x, linear
velocity V,, and angular displacement 8. These parameters are
presented in Table I. With the definition of matrices in Eq. (22),
Eq. (18) can be reshaped in a QP problem.

AU <

n;
nz] (22)
n;

III. Fuzzy LoGic CONTROLLER

A. Fuzzy Logic

The theory of fuzzy logic into the area of the application and
intelligent system are introduced by Yager and Zadeh [53]. The
fuzzy logic provides reliable results in an application with a
highly stochastic and uncertain inputs system [54, 55]. The
fuzzy logic is employed in MCA because they handle uncertain
and stochastic input easily [11, 12]. As one of the main MPC-
based MCA’s problems is related to the constant weights, the
variation of the output weights Q based on the applied motion
signals and the current position of the MSP can ensure better
performance and more accurate driving motion sensation for all
the situations while respecting the platform’s limitations.

B. Proposed Fuzzy Logic Controller

The schematic structure of the proposed MPC-based MCA
using fuzzy logic to adaptively change the weights of the MPC
is presented in Fig. 2(a). Fig. 2(b) presents a schematic structure
of the compensator unit, which is employed to update the fuzzy
control action according to the current situation of the cockpit.
The MSP user generates the realistic motion signal, denoted as
{9, ax}u, by pushing the gaze or brake pedal or turning the

steering wheel based on his/her visual information in the
simulated environment. The generated vehicle motion signal is
employed in the human vestibular model based on Eq. (5) to
compute the sensed angular velocity 8 and sensed specific force
f. The resulting motion sensation signal is used as an MPC
reference signal. In addition, the MPC model computes the
optimal input signal, denoted as {9, ax}s, to provide the realistic
motion sensation for the MSP user (as if it is from a real vehicle)
along prediction horizon. This implementation is
straightforward in all MPC models. There are five weighting

Real Vehicle
Motion Signal

| (6,00,

Human Lo
Model
22 SBMP
°f Wt 1 %% mo Motion
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e; displacement Pxs
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U v W,
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wFic XSO&ESONU X% 1.0
x
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Fig. 2. (a): The schematic structure of the proposed MPC-based MCA using
fuzzy logic controller blocks; (b): The schematic structure of the compensator
unit.

parameters in an MPC-based MCA, namely the sensed specific
force, sensed angular velocity, linear displacement, linear
velocity, and angular displacement. In this study, these
weighting parameters are of a time-varying nature, in order to
increase the efficiency of the proposed method. Nevertheless,
the motion sensation weights are fixed because they are not
constrained by the workspace limitations. Therefore, the three
fuzzy logic blocks are used to produce the appropriate weights
of the MPC for the linear displacement, W,, linear velocity Wy,

and angular displacement Wy using the position information of
the MSP for different driving inputs.

It is highly recommended to stop the MSP from reaching the
workspace limitations. If the MSP reaches the workspace
limitation, the controller unit of the manipulator will saturate
the input signals to restrict the active joints inside the physical
constraints. This leads the artefact or consequently, motion
feeling error between the real car and MSP users. The input
signals of the fuzzy blocks should be normalised before
applying to the fuzzy units. The first inputs of the first fuzzy
block are the translational and rotational error of sensed
motions between the real car and MSP users. The input signal
is divided to five units as very positive, positive, zero, negative
and very negative to normalise the motion sensation errors
between the real car and MSP users. The human vestibular
system of the human body cannot perceive the exact quantity of
the motion while it can distinguish if the motion is very big or
big or small with motion direction. For this reason, the motion
sensation error of the rotational and translational is categorised
in five groups, including very negative, negative, zero, positive

TABLEI
THE WORKSPACE BOUNDARIES OF THE HEXAPOD PLATFORM IN THE
LONGITUDINAL CHANNEL

Index Position Velocity Acceleration
x-axis +0.1 m +15 m/s +35 m/s?
Pitch-angle +0.0872 rad +2.35 rad /s 4+43.63 rad /s?




and very positive as shown in Fig. 3. The significant difference
between the membership functions of the rotational and
translational error inputs is due to the structure of the human
otolith organs and semicircular canals [17]. The dead zone on
the membership functions of the rotational error is due to the
human threshold unit as MSP’s user is not supposed to sense
the angular motion [12].

Fig. 4 shows the membership functions of the second input,
known as the position of the MSP. The inputs of the linear
displacement, linear velocity and angular displacement are
normalised by dividing to the boundaries of the MSP in the
Cartesian coordinate system. It is also divided into five
membership functions as very near, near, middle, far and very
far from the neutral position according to the current position
of the MSP. The output membership function of the fuzzy block
is shown in Fig. 5, which are divided into five cases as very
small, small, medium, big and very big.

There are various shapes of membership functions such as
triangular, trapezoidal, Gaussian, and sigmoid for different
purposes. However, the triangular membership functions are
employed in this study because they have a lighter
computational load. Also, they can be defined with a small
amount of data, and they can be specified in the asymmetric
form. The membership functions are overlapping, which means
the inputs and output have their membership functions from the
overlapped membership functions as presented in Fig. 3-5. To
determine the membership functions of the fuzzy blocks the
nine parameters known as d; , di,. » days dx, dy,, do, du,, dw, and
dw, should be specified as presented in Fig. 3-5, respectively.

The rules of the fuzzy logic are defined based on Mamdani-
type fuzzy as shown in Table II which uses the position of the
MSP and motion sensation error as the inputs. The control
output produces according to the fuzzy rules. For instance, if
the distance of the cockpit from the neutral position is very near
and the error of sensed specific force between the real car and
MSP wusers is very positive, the weight of the linear
displacement should be very small to less penalize the linear
displacement of the MSP. Note that, if the distance of the
cockpit from the neutral position is very far and the error of
sensed specific force is near zero, there is a need of very big
weight of the linear displacement. In Addition, if the cockpit is
situated very far from neutral position and the sensation error is
very positive or very negative, the controller should produce
high value for the weight of linear displacement. The motion
sensation errors (sensed rotational or translational motion)
changes the output when it is very negative or positive. Fig. 6
presents the characteristic surface of the proposed fuzzy
controller with predefined fuzzy rules.

As tuning these parameters manually is a suboptimal process,
the multi-objective genetic algorithm (NSGA-II [56, 57]) is
employed to find the optimum value of these nine parameters,
which are shown in Fig. 3-5. The sub-cost functions are the
error of the sensed angular velocity and sensed specific force
(objective 1) between the real car and MSP users and the linear
displacement, linear velocity and angular velocity of the MSP
(objective 2). Then, the cost functions Jyca; and Jyca, are
defined as an integration on the quadratic form of the inputs,

(b)

-1 02 0 02

Fig. 3. The membership functions: (a) translational sensation error;
(b)rotational sensation error.

0 0.5
Fig. 4. The membership functions of the linear displacement, linear velocity
and angular displacement inputs.

dWx.va..VVe L=dw,wy w,

VS S M B VB

0 0.5 1

Fig. 5. The membership functions of linear displacement, linear velocity and
angular position weights fuzzy outputs.

TABLEII
Fuzzy CONTROL RULES FOR LINEAR DISPLACEMENT WEIGHT PARAMETER
TUNING

et
We VN N z P VP
VN VS VS VS VS VS
Ix| N VS S S S VS
M S M M M S
Xmax F M B B B M
VF B VB VB VB B

VN: very negative and very near; N: negative and near; Z: zero; P: positive;
VP: very positive; M: middle and medium; F: far; VF: very far; VS: very small;
S: small; B: big; VB: very big.
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Displacement Limit

input rates and outputs as extracted in Eq. (16) as:
Jucar = wr [ (fe = £)dt + way, [(@g — wgddt  (23)
MCA2 =foxzdt+WfoV,'¢2dt+W9f92dt (24)

where wg =400, wg, =1, w, =1, wy, = 0.0667 and wy =
0.667 are the weighting factors of the sensed specific force,
sensed angular velocity, linear displacement, linear velocity,
and angular displacement of the MPC-based MCA,
respectively. They can be determined by trial-and-error and
using expert knowledge of the system, which act as appropriate
factors for the cost functions with respect to the MSP
workspace limitations shown in Table I.

The initial parameters of the multi-objective genetic
algorithm should be selected appropriately to increase the
convergence speed and accuracy of the solution. In this
research, the high crossover fraction and a low mutation rate are
selected based on the recommended settings by De Jong and
Michell [58, 59]. The guideline is used in many studies [1, 11,
60]. Table III shows the adjustments of the multi-objective
genetic algorithm. The population size of the study is 104. The
obtained results of the multi-objective genetic algorithm
demonstrate that the appropriate parameters have been chosen
(mutation rate, crossover friction, and population). Fig. 7 shows
the non-dominated Pareto-front for the multi-objective genetic
algorithm, which is mapped into two cost functions (error of
motion sensation and displacement). Keeping the MSP inside
the workspace limitations and respecting the maximum error of
the sensed angular velocity under the human threshold are the
requirements of the solution. If the solution does not satisfy the
requirement (workspace limitations and maximum error of
sensed angular velocity), it will be rejected and substituted by
another chromosome. The optimised triangular membership
functions of the fuzzy set using multi-objective genetic
algorithm are presented in Table IV. It should be noted that a
series of motion scenarios combined with white noises are used
in the tuning process of the FIC membership functions in order
to increase the homogeneity of the proposed method. In order
to evaluate the performance of the NSGA-II, the statistical t-test
has been established using the significance level of 0.05 and 18
runs . The results show that the two-tailed p-values of Jyca1
(Eq. (23)) and Jycaz (Eq. (24)) are less than 0.0001. It proves
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Fig. 7. Pareto-front of the Multi-objective genetic algorithm.

the extremely statistically significant of the NSGA-II. Besides,
the confidence interval of these two groups are 95%.

The fuzzy unit will not be able to improve the performance
of the MPC-based MCA, solely. There is a need for a
compensator unit to show the tremendous beneficial points of
the MPC-based MCA using fuzzy logic-based adaptive weight
tuning. The fuzzy unit is very stiff especially when the cockpit
is close to the workspace limitations. The employment of the
compensator enhances the fuzzy unit to produce more proper
control action based on the situation of the motion scenario.

C. Compensator Unit

To give the developed fuzzy unit the ability to consider the
MSP’s motion information, designing the compensator unit is
necessary. The compensator unit which is shown in Fig. 2.b is
added to the fuzzy units to update the weights according to the
current motion status of the MSP including its distance from
physical limitations as well as the direction of the motion. The
fuzzy unit increases the weights of the outputs when the MSP
is close to the platform’s limitations in order to prevent hitting
the limitations. On the other hand, the MSP sometimes can get
close to the workspace boundaries and turn back to the neutral
positions according to the motion signals. The current MPC-
based MCA with the constant output weights provides better

TABLE III
MULTI-OBJECTIVE TUNING PARAMETERS
Parameters Value
Variables ldg i dpy s das du; dy s dos du,; dw, 5 )
Population size 104
Maximum Generation 45
Upper limit [1;1;0.8;0.5; 0.5; 0.5; 0.5; 0.5; 0.5]
Lower limit [0; 0; 0.2; 0;0; 0; 0; 0; O]
Mutation function Adaptive Feasible
Crossover rate 0.8
Tolerance 106

TABLE IV
PARAMETERS OF THE MEMBERSHIP FUNCTIONS
Parameters Value
df,x" df,Vx’ day, [0.0102;0.2151; 0.6070]
dy, dy,,dg [0.4771;0.1874;1258]

dy, dw,  dw, [0.0141;0.2828; 0.2255]




results compared to the proposed MPC-based MCA in this
situation. The compensator unit should monitor the position and
direction of the cockpit to add the compensated value to
increase the effectiveness of the proposed model compared to
the current MPC-based MCA. For instance, if the cockpit is
situated in the positive side of the x-axis, while it is surging
towards the positive side of the x-axis, the compensator unit will
increase the weight of the linear displacement in order to
prevent the cockpit reaching the workspace boundaries of linear
displacement. On the other hand, if the cockpit is in the positive
side of the x-axis and it is moving towards the negative side of
x-axis, the extracted weights of the fuzzy unit are not changed
via compensator unit because the cockpit is moving toward the
neutral position. The same strategy is employed when the
cockpit is located on the negative side of the x-axis. The
effectiveness of the fuzzy logic block increases dramatically
while the compensator unit is added.

IV. RESULT AND DISCUSSION

The proposed model of the MPC-based MCA in Section II
and Section III is modelled in MATLAB software. In addition,
the classical washout filter introduced by Conrad and Schmidt
[8] and the current MPC-based MCA using constant weighting
parameters introduced by Bruschetta et al. [24] are modelled in
MATLAB for performance comparison with the proposed
method. The MCA regenerates the motion signals to make the
motion sensation realistic for the MSP user. The MPC has a low
computational load, as the KWIK algorithm [61] is used to
solve the quadratic formulation of the MPC. The model can run
in a real-time mode, with 0.01s as the time step, to yield
reasonably fast results. Therefore, we have run the model in a
real-time mode with 0.01 (s) as a time step to have a sync model
with the platform and to reach reasonable results. To tune the
MPC model with and without using fuzzy logic, the prediction
and control horizons are initially tuned with consideration of
the real-time solution of the model. Then, the sensed specific
force and sensed angular velocity weights are tuned to decrease
the motion sensation error with respect to the workspace
boundaries of the Hexapod MSP for MPC-based MCA without
using fuzzy logic. Also, weights of inputs and inputs variation
of MPC-based MCA using fuzzy logic are employed similar to
MPC-based MCA without using fuzzy logic to reach the fare
comparison between them. In addition, the appropriate scale
factors are chosen for the input signals to respect the MSP
workspace boundaries (Table I). The tuning indexes of the
current and proposed MPC-based MCAs are shown in Table V.
In addition, the SimMechanic model of the Hexapod MSP [47]
is developed to cogitate the physical and dynamical constraints
of the Hexapod model as close as possible to the real one.

The Rigs of Rods (RoR) application (version 0.39.5) is used
to record a driving scenario in the longitudinal channel for 35
seconds, as presented in Fig. 8.a-b. Fig. 8.a presents the linear
acceleration signal along the x-axis, and Fig. 8.b peresents the
angular velocity signal along pitch-angle. The scale factor of
the linear acceleration and angular velocity is defined to be 0.5
and 0.2, respectively, to respect the MSP workspace
boundaries. The same scale factors are employed for classical
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Fig. 8. The real vehicle motion signals: (a) linear acceleration; (b) angular
velocity.

TABLE V
THE INITIAL INDEXES OF THE CURRENT AND PROPOSED MPC-BASED MCAS
Index Current MPC Proposed MPC
Scale factor of a, 1/4 1/4
Scale factor of 6 12 12
Ny 150 150
N, 3 3
Weight of £, 1000 1000
Weight of x 1600 700-2500
Weight of V, 125 5-20
Weight of a, 0.0001 0.0001
Weight of Jerk, 1 1
Weight of 6 6500 6500
Weight of 8 225 50-400
Weight of 6 0.1 0.1
Weight of § 1 1

a,: linear acceleration;  a,: angular velocity;
f.: sensed spicific force;

a,: linear acceleration;

N,,: prediction horizon;
x: linear displacement;
Jerk,:linear jerk;

N_: control horizon;
Vy: linear velocity;
6: sensed angular velocity; 6: angular dispalcement; 6: angular velocity;
6: angular acceleration;

TABLE VI
THE RESULT FOR THE CLASSICAL WASHOUT FILTER, PROPOSED AND
CURRENT MPC-BASED MCAS

RMSE CC
Index Cl Ex Pr Cl Ex Pr
WF MPC MPC WF MPC MPC
SCC
pitch- 0.0339 0.0339 0.0279 0.2140 03527  0.6338
dot
OT;(O 0.4425 0.3844 0.3358 0.1766 04606  0.6596

RMSE: Root Mean Square Error; CC: Correlation Coefficient; Cl: Classical;
Ex: Existing; OTO: Otolith Organ; Pr: Proposed; SCC: Semicircular System;
WF: Washout Filter.



washout filter and both proposed and current MPC-based
MCAs to reach the proper comparison between three methods
[62, 63].

Table VI shows the results of classical washout filter, current
and proposed MPC-based MCAs. The absolute motion feeling
error between the real car and MSP users is represented using a
RMSE. Using the proposed method, the RMSE of sensed
angular velocity along the longitudinal channel decreases by
17.94% and 17.69% as compared with those the classical
washout filter and current MPC-based MCA. Similarly, the
proposed method can improve the RMSE of sensed specific
force along the longitudinal channel decreases by 29.73% and
12.64% as compared with those from the classical washout
filter and current MPC-based MCA, respectively. The proposed
method is able to reduce the RMSE of sensed specific force
along the longitudinal channel from 0.3844 to 0.3358. This is
an important achievement because the proposed method is able
to reduce the sensed specific force error without any negative
impact on the sensed angular velocity. Asadi et al. [1, 11]
introduced the use of CC for evaluating the MCA in term of the
shape similarity pertaining to the sensed motion signals
between the real car and MSP users. As the human vestibular
system cannot perceive the quantitative measure of the motion
signal, this shape similarity of the regenerated motion signal is
useful to ascertain the improvement of the MCA objectively.
The CC metric indicates improvements of 79.70% and 43.20%
corresponding to the rotational and translational motion
sensation, respectively using the proposed MPC-based MCA,
as compared with those of current MPC-based MCA models.
This observation positively indicate that the proposed method
outperforms the previous method with a large margin of
improvement in the shape similarity measure.

Fig. 9.a-b represent the sensed specific force and the sensed
angular velocity along the x-axis and pitch-angle for the real car
and MSP users using the classical washout filter and MPC-
based MCAs with and without using fuzzy logic during the
recorded motion scenario. Fig. 9.a illustrates the better
regeneration of the sensed angular velocity for the MSP user
using the proposed MPC-based MCA compared with classical
washout filter and current MPC-based MCA due to the higher
CC. Also, Fig. 9.b presents the sensed specific force by the real
car and MSP using three proposed methods. The sensed specific
force signal follows the real vehicle user’s sensed specific force
using the proposed MPC because of the wise utilization of the
workspace limitation compared with classical washout filter
and current MPC-based MCA wusing constant weighting
parameters.

Fig. 10.a presents the error of the sensed angular velocity
along the pitch-angle between the real car and MSP users by the
classical washout filter and MPC-based MCAs with and
without fuzzy. The maximum error rates of sensed angular
velocity from the classical washout filter as well as the current
and proposed MPC-based MCA models are 0.0871,0.1218, and
0.0991 rad/s, respectively. The proposed MPC-based MCA can
decrease the error of the sensed angular velocity along the pitch-
angle by considering the sensed angular velocity error and
online position of the cockpit in the fuzzy logic controller.
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Fig. 9. The sensed angular velocity and specific force for the classical washout
filter, current and proposed MPC-based MCAs along: (a) pitch-angle; (b) x-
axis.
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Fig. 10. The sensed angular velocity and sensed specific force errors for the
classical washout filter, current and proposed MPC-based MCAs along: (a)
pitch-angle; (b) x-axis.

Based on Fig. 10.b, the maximum error rates of sensed specific
force along the longitudinal channel from the classical washout
filter as well as the current MPC-based MCA (with constant



weighting parameters) and proposed MPC-based MCA (with
time-varying weighting parameters) are 1.0262, 1.4852, and
0.9353 m/s?, respectively. This reduction in the sensed specific
force error using the proposed MPC-based MCA proves that the
proposed method is more effective than the classical washout
filter and current MPC-based MCA.

Fig. 11.a-b present the angular and linear displacement of the
Hexapod platform using classical washout filter and MPC-
based MCA with and without using fuzzy logic. The proposed
method uses the more workspace area while respecting the
workspace limitation.

The results demonstrate that proposed time-varying weight
MPC-based MCA can reproduce the accurate motion signal for
the MSP user with less false motion cues. It can consider the
current position of the manipulator and current situation of the
motion signals and accordingly use the platform’s workspace
more efficiently.

V. CONCLUSION

MPC-based MCA has introduced to consider the limitations of
MSP. The current MPC-based MCAs have constant weights
that cause the conservative utilization of the platform’s
workspace they should respect to the workspace limitations.
They are not able to consider the current position of the cockpit
and motion scenario to reproduce weights of MPC. Then, they
should be tunned based on worst case scenario to respect the
workspace boundaries of the MSP. While this assumption
increases the motion sensation error for the user of the MSP in
different driving scenarios. The MPC-based MCA using fuzzy
logic to adaptively vary the output weights of the model is
proposed in this study to consider the motion sensation error
between the real car and MSP users as well as the current
motion status of the MSP including linear position, linear
velocity and angular position. In other words, the proposed
MCA exploits the current position of the cockpit and motion
sensation error to penalize the cockpit and ensure that the
workspace constraints are satisfied, or to regenerate a large
motion signal when the cockpit is close to the neutral position.
This aims to better use the workspace of the MSP without
imposing conservative motions. The method for varying the
weighting parameters through the fuzzy controller to improve
the capability of the MPC-based MCA is proposed for the first
time in this paper. The membership functions of the fuzzy logic
units are tuned with a multi-objective genetic algorithm, in
order to increase the efficiency of the proposed method. In
addition, the compensator unit is added to the model for
updating the fuzzy control action based on the position and
moving direction of the cockpit. For evaluation, the classical
washout filter as well as the current and proposed MPC-based
MCA models are designed using the MATLAB. The outcomes
obtained ascertain the efficiency of the proposed method for
adaptive weight tuning, as it is able to improve the motion
fidelity for the MSP user. Based on the proposed model, the
MSP is able to better utilize the workspace. The method
imposes penalty to the motion when the cockpit is close to the
workspace boundaries. The subjective study of the proposed
method can be conducted as a future work to show the higher
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Fig. 11. The linear and angular displacement of Hexapod MSP for the classical
washout filter, current and proposed MPC-based MCAs along: (a) x-axis; (b)
Pitch-angle.

capability of the method. It should be noted that this was out of
our hand due to the difficulty of human subjective evaluation
during COVID19 situation and restrictions in conducting any
subjective testing by Australian universities.
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