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Abstract—Nonlinear model predictive control has been used in
motion cueing algorithms recently to consider the nonlinear
dynamics model of the system. The entire motion cueing algorithm
indexes, including the physical and dynamical constraints of the
actuators and physical constraints of passive joints, can be
controlled with precision using nonlinear model predictive
control. However, several weighting parameters in the nonlinear
model predictive control-based motion cueing algorithm
(including driving sensation, motion description of the actuators,
and passive joints) require proper and laborious tuning to attain
an optimal design structure. In this work, the optimal weighting
parameters of a nonlinear predictive control-based motion cueing
algorithm model are calculated using cascade optimisation and
human interaction. A cascade optimisation method consisting of a
particle swarm optimisation and genetic algorithm is designed to
identify the best weighting parameters compared to those from
one optimiser. In addition, the human decision-making units are
added to the two-level cascade optimiser to determine the best
solution from a Pareto front. The proposed cascade optimiser
decreases the run-time with better extraction of the optimal
weighting parameters to increase the motion fidelity compared to
a single optimiser. It should be noted that the proposed
methodology is applied along longitudinal channel. While the same
methodology can be applied along lateral, heave and yaw channels
for further evaluation of the proposed method. The proposed
model is simulated utilising the MATLAB software and the results
prove the efficiency of the newly proposed model compared to
those from the previous single optimiser in reproducing more
accurate motion signals with better usage of the driving motion
platform workspace.

Index Terms—cascade optimisation, human interaction, motion
cueing algorithm, nonlinear model predictive control, weight
tuning.

I. INTRODUCTION

motion simulator platform is useful for the control and
simulation of air or land vehicles using parallel or serial
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robot manipulators [1, 2]. The combination of the motion
simulator platform, with 6-degree-of-freedom (6-DoF), and
virtual reality headsets provides a realistic virtual environment
for simulation-based training [3, 4]. The workspace of the
motion simulator platforms is a finite area based on the working
envelope of the actuators and passive joints [5, 6]. A motion
cueing algorithm (MCA) aims to regenerate the driving signal
and provide a similar motion sensation to a real vehicle’s driver
for the simulator user while respecting the workspace
limitations [7]. Motion sickness, which is a main drawback of
poor motion cues, occurs when the simulator user perceives
discrepancies between the visual cues and motion cues using
eyes and vestibular systems, respectively [8].

The classical washout filter is the first form of MCA
introduced by Conrad and Schmidt [9]. It is composed of
second-order low-pass and high-pass filters, aiming to
eliminate the low-frequency component of the translational and
rotational driving signals. The filtered driving signals can be
followed by a simulator platform movement with a restricted
workspace around the neutral position. The optimal structure of
a classical washout filter using the linear quadratic regulator has
been employed to produce an optimal washout filter [10, 11].
Unfortunately, the classical and optimal washout filters do not
consider the workspace limitation of the simulator, which can
be taken into consideration when model predictive control
(MPC) is used [12]. In addition, adaptive washout filter keeps
the platform within limits at the cost of unrealistic motion when
approaching the limits [13]. However, all washout filter-based
MCAs are not able to consider the driving scenarios and thus
require retuning for driving conditions with differing motion
characteristics [14].

Initially, the linear time-invariant MPC model was used by
Dagdelen ef al. [14] in designing an MPC-based MCA for a
driving simulator. The linear time-invariant MPC model can
consider the simulator constraints in the end-effector coordinate
system. This is achieved by calculating the optimal input signal
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that minimizes the output error along the prediction horizon
concerning the dynamics model of the system. It is not possible
to consider the dynamic model of the simulator, including
physical and dynamical constraints of the actuators using linear
MPC. In Qazani et al. [15], a linear time-varying MPC model
that integrates the displacement boundaries of the actuators
instead of the end-effector constraints was employed. Later,
Qazani et al. [16] introduced the time-varying weight MPC in
order to eliminated the disadvantages of the fixed weights with
higher motion sensation error.

Nevertheless, it is impossible to control the entire MCA
indices, such as the boundaries of the actuators and passive
joints, dexterity, and shape-following capability, without
implementing a full nonlinear dynamics system using nonlinear
MPC (NMPC). Bruschetta et al. [17] proposed the first NMPC
for a 9-DoF simulator platform system incorporating the
actuators' displacement constraints using the ACADO
nonlinear optimisation toolkit. Katliar et al. [18] employed the
real-time Iteration scheme (RTI) to develop an NMPC-based
MCA model for an 8-DoF serial simulator platform system
based on the discretised inverse kinematic solution of the
manipulator. In addition, ACADO toolkit is used by Khusro et
al. [19] in the development of the NMPC-based MCA for a 6-
DoF hexapod simulator with ability of smoothing the end-
effector’s motion via an adaptive weight tuning technique. It
should be noted that the existing NMPC models [17, 18, 20]
have not been compared with linear MPC in the MCA domain.
Only Khusro ef al. [19] compared their NMPC design with
linear MPC and the classical washout filter. The NMPC
efficiency, however, has not been compared with that of linear
MPC owing to the difficulty of the NMPC tuning process.
Recently, Qazani ef al. [21] used NMPC for prepositioning
purpose of the end-effector in order to increase the virtual
workspace limitation of the simulator.

The tuning process of the MCA indices for increasing the
model efficiency is challenging. Casas et al. [22] investigated a
genetic algorithm-based (GA-based) tuning technique to
identify the optimal classical washout filter parameters, such as
translational and rotational scale factors, cut-off frequency,
damping factor, and gains. Mohammadi et al. [23] utilized a
single-objective GA to calculate the MPC-based MCA's best
MPC horizons to release the mechanism's computational
burden and reduce the motion feeling error between the real
vehicle’s and simulator’s users. Later, Mohammadi et al. [24]
employed a Multiobjective GA and the interaction of human
decision to satisfy the user demands. Unfortunately, the NMPC
tuning process is more critical and time-consuming than in the
linear MPC case because of the model’s complexity, which
involves the consideration of nonlinear dynamics equations
with many weights tuning parameters. It is impossible to extract
the optimal tuning parameters without a massive number of
populations. However, the large population size exponentially
increases the computational time of the process.

Cascade techniques hinge on a combination of several
methods to tackle a complex problem. In general, a cascade
optimisation technique employs several optimisers working
one-by-one in tandem in a particular sequence to eliminate the

disadvantage of a single optimiser using different variables.
Zhang et al. [25] applied a cascade ensemble classifier to
recognise handwritten digits. The achieved results demonstrate
the significant impact of their strategy. Neoh et al. [26]
proposed a combination of GA and PSO optimisers in an
“external optimiser—internal optimiser” framework. Neoh et al.
[26] proved that the combination of GA-PSO outperforms the
GA, with 50% saving in the computational time.

The main contributions of this study can be divided into two
parts. First, an NMPC-based MCA model is designed and
developed using MATMPC [27] to incorporate a full nonlinear
dynamics MCA structure for a hexapod simulator system.
Inclusion of the full nonlinear dynamics of the MCA leads to
better regeneration of motion cues compared to linear time-
varying and time-invariant MPC-based MCAs. Also, usage of
the MATMPC lightens the computational load of the proposed
method in comparison to existing MPC-based MCAs [17-20].
Second, a cascade optimisation technique (which comprises a
Multiobjective GA in the first phase and a Multiobjective PSO
algorithm in the second phase) is developed to identify the
optimal weighting parameters of the NMPC, along with an
interaction of a human decision. The proposed method targets
the human motion sensation threshold unit, motion sensation
error reduction, motion fidelity increase, end-effector
constraints, physical and dynamical constraints of the joints,
and computation load of the mechanism. The human decision
unit selects the best-extracted outputs from the PSO optimiser
in the initial phase multiple times and the best-extracted outputs
from the GA optimiser in the final phase to yield the final
optimal results. The goal is to increase the tuning process's
efficiency without compromising the optimisation process's
computational load. The proposed technique can be used as a
fast adjustable NMPC-based MCA based on the datasets from
every simulator’s user.

The rest of the paper is organized as follows: the human
perception and inverse kinematic models of a hexapod
simulator system for use with an NMPC-based MCA model are
described in section II. Section III introduces the proposed
cascade optimisation technique with a human decision unit to
extract the optimal weighing matrices. In section IV, the
simulation results are presented and discussed. Section V
presents the conclusions of this research.

II. NMPC-BASED MCA

This section investigates a hexapod simulator system’s
human vestibular and kinematic model to formulate the
nonlinear MCA model. Then, an NMPC is developed based on
the extracted nonlinear MCA model. The MPC technique can
be used easily in multi-input and multi-output systems

A. Human Vestibular Model

The human vestibular system comprises both the
semicircular canals and otolith organs as the significant sensors
of mammals to detect the orientation and motion in space,
respectively [10]. The model of the otolith organs based on the
study by Telban and Cardullo [10] and Asadi et al. [28] can be
represented as:
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S TaS+1
2D = Koro (rrsess). (1)
where Koro, T4, T, and g are static sensitivity, long time
constant, short time constant and adaptation operator constant
of the otolith organs, respectively. In addition, f and f are the
applied force and sensed specific force by the simulator user
and the real vehicle driver, respectively. Their values are shown
in Table I.
The mathematical model of Telban and Cardullo [10] and
Asadi et al. [29], pertaining to the human semicircular canals,
can be represented as:

) 717252
o = (Gt @
where 7, and 7, are long time constant and short time constant
of the semicircular canals, respectively. In addition, w and @
are the applied angular velocity and sensed angular velocity by
the simulator user and the real vehicle driver, respectively.
Their values are represented in Table I. Note that the
longitudinal channel in Table I covers a combination of the x-
axis linear motion and pitch-angle rotational motion. The lateral
channel combines the y-axis linear motion and roll-angle
rotational motion. In addition, the vertical channel is separated
into two heave and yaw sub-channels, which cover the z-axis
linear and yaw-angle rotational motions, respectively.
The combination of Eq. (1) and Eq. (2) results in a state space
model of the human vestibular system, as follows:

& = AyEy + Byu. (3.2)
yV = Cviv + Dvu. (3b)

where Ay, By, C, and D, are the state space matrices of the
human vestibular model. Also, u=[§ a,]T and §y =

[(5 fx]T are the input and output vectors of the human
vestibular model, respectively.

To ease the computational burden of NMPC, the human
vestibular model is divided into different categories, i.e., the
longitudinal, lateral, heave, and yaw channels. The control
inputs of the longitudinal channel are the linear acceleration
signal along the x-axis (a,) and pitch angular velocity (8), while
the outputs are the sensed specific force along the x-axis (f)
and sensed angular velocity (8). The control inputs of the lateral
channel are the linear acceleration along the y-axis (a, ) and roll

angular velocity (¢). It should be noted that there is no tilt-
coordination in the heave channel as it is in the same direction

TABLEI
THE VESTIBULAR MODEL PARAMETERS OF THE HUMAN BODY

Index Log]%;tr?sgal (]Zd]?;iiqaell Vertical Channel
Koro 0.4 0.4 0.4

T, () 10 10 10

7, () 5 5 5

75 (8) 0.016 0.016 0.016

7, (s) 5.73 5.73 5.73

T, () 80 80 80

as gravity; as such, its control input is only the linear
acceleration along the z-axis (a,), and the output is the sensed
specific force along the z-axis (f,). The same methodology is
followed for the yaw channel using the yaw angular velocity
() as the model input. In this study, we only investigate the
proposed method along the longitudinal channel. However, the
same methodology can be followed for the other three channels.

B. Dynamical Model of Hexapod Simulator

The hexapod manipulator is a well-known parallel structure,
as shown in Fig. 1. It comprises six prismatic joints connected
to a fixed plate using universal passive joints, which are then
connected to an end-effector (cockpit) using spherical passive
joints [30, 31]. The cockpit can be configured based on the
length of the prismatic actuators. As a result, the translational
and rotational motions of the cockpit can be generated by
displacing the prismatic actuators. Inverse position kinematics
are employed to identify the prismatic joints' length using the
cockpit's position. The vectorial position of the actuators (L;)
can be calculated for the hexapod’s kinematic chain shown in
Fig. 1 as:

Li+b,=c+a i=1-6 4
where a;, b; and c = [¥ ¥ Z]T are the vectorial position of
the i spherical joints, universal joints, and centre of the cockpit
regarding the W coordinate system, respectively. The vectorial
position of the i spherical joints can be extracted as:

a; = RPa; (5)
where Fa; is the vectorial position of the i spherical joint in
the P coordinate system, while R refers to the rotation matrix of
the cockpit around three directions. The length of the actuators
in Eq. (4) can be re-written:

ll‘nl‘ =c+R Pai — bi (6)
where [; and n; are the length and unit vector of the i prismatic
joint.

The inverse velocity kinematics solution is the calculation of
the i prismatic joints velocity (I;) using the velocity of the
cockpit, which can be found by taking the derivative of the
above equation and performing a dot product of the outcomes
with n;, i.e.,

[i=¢n;+o-(RPa; xn;) (7)
where ¢ and w are the linear and angular velocities of the
cockpit, ¢=[V ¥ V)T and w=[p 6 Y]T,
respectively. The inverse velocity kinematics problem in Eq.
(7) can be re-written in a matrix form, i.e.,

[y =17, ®
where ]! is the inverse Jacobian matrix of the velocity, i.e.,
n] a; xn;
J7t=1 : (€))
n; ag;Xng
The acceleration of the i pod I; can be calculated by taking
the derivative of Eq. (7) as:

[[=é-n;+axRPa; + o x (wxR"a;) (10)
where € and a are the linear and angular accelerations of the
cockpit centre, respectively. It can be rewritten in a matrix for
as follows:



Fig. 1. (a): The CAD model of the parallel simulator; (b): The kinematic chain
of the parallel simulator.
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where dL—tl is the derivative of the inverse velocity Jacobian

matrix and can be written as:

- (w; x0T ((0xa)Xn; +a; X (0 X nl))T

= : : (12)
(we xng)"T  ((w % ag) X ng + ag X (wg X n6))T

where w; for i = 1,..,6 refers to the angular velocity of the i*

prismatic joint.

The workspace constraints of the hexapod simulator system
can be chosen based on the size of the manipulator. The
workspace constraints are divided into the actuators' physical
and dynamical constraints and the passive joints' physical
constraints. These constraints on the joints lead to the
constraints on the cockpit in the fixed plate Cartesian coordinate
system, W, as presented in Table II.

The combination of the human vestibular model and inverse
acceleration kinematics, presented in Eq. (3) and Eq. (10),
respectively, results in the NMPC model. As NMPC can be
used via a continuous mode of the system, the state of the
dynamics model along the longitudinal channel can be

TABLEII
THE LIMITATIONS OF THE HEXAPOD SIMULATOR ALONG X-AXIS

Index Description
l; l—10—12(m)l—+035(m/s)l—+2(m/sz)
UPPER 0.6428 0.6428 0.342 —0.9848 -—0.9848 0.342
passtve |—0.766 0.766 0.9397 0.1736 —0.1736 —0.9397
JOINT 0 0 0 0 0 0
Lower 29971 29971 -13852 —1.6119 —-1.6119 —1.3852
passive [—0.1309 01309 26610 25302 —2.5302 —2.6610]
Joint 0 0 0 0 0 0
Mass — Meoeprr = 1216.9 (KG); Myppir,,, = 143.9 (Kg);
MLOWER ¢ — 92.1(Kg)
Inertia 304.5 0 0
Matrix  Lcockpit = 0 304.5 0 |
0 0 304.5
672 0 i}
Iupperleg =| 0 672 0 |;
0 0 672
43 0 0
Ilower,leg =10 43 0
0 0 43

x x = 40.20 (m); x = £0.55 (m/s); ¥ = £2.5 (m/s?)
0 6 = +0.5 (rad); § = +0.1 (rad/s); 6 = +0.25 (rad/s?)
m: meter; rad: radian; s: second;

represented as:
E=[& V% x o z.i:1—6 ii:1—6 li=1—6]T (13)
Also, the input and output vectors of the dynamics model can
be defined as:
u=1[0 a,” (14.2)

" T

=10 £ Ve x ¢ Dy limig liciel (14D)

It should be noted that the represented dynamics model of the

mechanism is decoupled along four channels to alleviate the

computational load of the mechanism. Only the inputs along the
longitudinal channel are used in the model.

C. Nonlinear Model Predictive Control

An NMPC model in the discretised mode using direct
multiple shooting and sampling time Ty = 0.01 (s) along the
prediction horizon (£, to t;) can be formulated as:

min T3 {3 e o wdlly +5 @y} (15.2)
s.t. 0=§8—§ (15.b)
0=2¢ks1— 0r(Cpowe) k=01,..,N—1 (15.c)
e < (o) STk =01,..,N—1 (15.d)
w<n(n) STy (15.e)

where N = (tf - to) /T, is the shooting intervals; &, is the state
at the initial time of the system; h is the objective function of
the optimal control problem, which is used to minimise the
driving sensation error and displacement of the cockpit and
joints; @ is the nonlinear dynamics model of the plant, which is
a combination of Eq. (3) and Eq. (10); &, and u;, are the states
and control input at every sampling time; r is the linear and
nonlinear constraints of the model with the upper limits 7 and
lower limits r; respectively. Eq. (15.e) defines the terminal
constraints of the state as the end of the prediction horizon to
increase the model stability. The first item of the extracted
control action is implemented in the system, which is known as
the receding horizon technique.

Using sequential quadratic programming (SQP) for the
discretised state and input, Eq. (15) can be formulated as a
quadratic programming (QP) problem, i.e.,

s {36 v 2525

~ A&y THLASy + gy AEN} (16.2)
st A& =& —& , _ (16.b)
Afk+1 = AEcAEk + B,‘(Auk + dll( (16C)

¢l < CiA&, + Diduy, < T, (16.d)

ck < ClAg, < Ty (16.¢)

where § = [¢g énlu=[ug uyl, Af =% — & and
Au = u — ui, H} and g, are the Hessian matrices; A% and B}
are matrices from the linearisation of the system with respect to
the initial states and control over the prediction horizon,
respectively. The MPC horizons (including prediction and
control horizons) should be tuned based on the computational
load limits of the system, aiming to enable the system to be run
for real-time applications. A right balance among the
computational load, motion sensation error, and efficient usage



of the workspace limits should be considered in the tuning
process of the MPC horizon. In this study, the prediction and
control horizons of the MPC are selected to be 50 time-step and
4 time-step, respectively. These have been selected based on
trial and error aiming to reduce the computational load of the
proposed method while yielding reasonable results. It should be
noted that time-step is equal to 0.01 (s). CL is the Jacobian
constraint matrix; while d,ic refers to the existing gap between
the previous shooting and the following starting points. H. and
gt are the & block and sub-vector of the Hessian matrix and
the gradient of the objective function, respectively. The Hessian
matrix is given by:

i onk T onl

T 0w 0Ekur) (17
which is always positive and semi-definite. Eq. (16) can be
solved using spare or condensed techniques. The condensing
technique [32] removes the variation of the states and re-shapes
Eq. (16) as follows:

min {5 AuTH Au + gTAu] (18.2)
Au 2
s.t. ¢ <CAu<c, (18.b)

Eq. (18) is the standard shape of the QP problem, which can
be solved.

III. CASCADE OPTIMISATION TECHNIQUE WITH HUMAN
INTERACTION

A single optimisation algorithm may not be able to solve all
optimisation problems at the same time. Therefore, a cascade
optimisation using different optimisation techniques could be
more efficient. In this method, the combination of GA and PSO
is used to extract the cascade optimisation method to reach a
better tuning method for a nonlinear MPC. GAs is based on
random selection of the individual with strength power in
finding the best solution to the optimisation problem. However,
extracting the optimal value using a complex system will take a
long time. Therefore, it would be better to extract the weighting
parameters of the sensed specific force and angular velocity
using Multiobjective GAs since these two parameters have a
critical role in decreasing the motion sensation error. Also, PSO
is faster than GA, but it cannot find the optimal solution using
avery complex system. There is a chance of sticking to the local
optimal that will affect the results of the PSO method.
Therefore, the rest of the weighting parameters, including the
acceleration, velocity and position of the active joints,
acceleration, velocity and position of the end-effector and the
motion input signals, should be selected in the second phase of
the cascade algorithm using the PSO method.

A. GA Operator

An GA operator is an optimisation scheme based on the
evolutionary algorithms' natural selection. GAs, which are bio-
inspired operators, use mutation, crossover, and selection, to
solve a wide range of optimization problems. GAs often start
with generating a random population of chromosomes which
are subsequently "assessed" using an objective function. The
ones that best approximate the "ideal solution" have a higher
probability of reproducing [33].

GA parameters must be carefully chosen to maximize the
accuracy and speed of the final result's convergence. The
crossover and mutation parameters must be adjusted correctly
to ensure the success of the GA and the acquired output. The
high mutation rate raises the danger of missing a solution close
to the present state. Setting the mutation parameter to a small
value raises the likelihood of being trapped in the local
optimum. Additionally, crossover prevents the offspring’s from
becoming identical replicas of the parents from the prior
generations. The mutation parameter had to be set to a fair value
and the crossover parameter to a significant value, as suggested
by Mitchell [33].

B. PSO Operator

Kennedy et al. [34] developed PSO as a swarm-based
algorithm category of the meta-heuristic algorithms. PSO is a
stochastic population-based optimisation method via the
collaborative behaviour of a different colony of species known
as populations. It is similar to evolutionary computation
methods such as GA [33]. It starts by defining the initial
particles to evaluate the objective function at every particle's
location. It then decides the minor objective function as the best
location. It calculates the new velocities according to the best
position of the particles and their neighbours and the current
velocity. The mentioned procedure continues iteratively until
the algorithm fulfils the stopping criteria. PSO is capable of
improving the candidate solution of an optimisation problem
iteratively. The search method is based on the four parameters,
including the current position p;, the current velocity v;, the
global best position Gj,;, and the best position Pp,g;. The best
position vector as a minimization problem can be calculated as:

Pt+1 = {Plfest,i if f(pit+1) = Plfest,i (19)
P i ) < Pheges
where f and ¢ are the fitness function and iteration number. The
global best position can be calculated as:

G = mi Pl
best iE(1,~--,n)/\n>1( best,L)

where Gps; is the best-fit particle in the neighbours. The
particle should be updated in every iteration by the velocity
vector to find the particle’s new position.

(20)

C. Hybridization of GA, PSO using Human Interaction

Because of the usefulness of cascade optimisation in past
studies, it is employed here to identify the most appropriate
parameter setting of nonlinear MPCs with the interaction of the
human decision unit. To do so, we apply two well-established
evolutionary algorithms in two stages: a GA in the first stage
and a PSO algorithm in the second stage. In addition, we
incorporate human interactions to check the obtained weights
in each step of the GA and PSO optimisers. Human-computer
interaction (HCI) uses computer technologies to establish
connections between individuals (users) and computers. The
proposed HCI comprises two stages to interact with the user,
which aim to select both groups of weights based on the system
requirements.

According to Fig. 2a, the weighting parameters, W, =
{W,, ..., Wy,l, are divided into the two main subsets: W =
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Fig. 2. (a): Schematic of cascade optimisation technique; (b): HCI visual
environment.

(We i Wa,] and Wy, =
[Wx;WVX; Wa,s Wes Wey s Wi Wis Wy ; Wag]. First, PSO is
applied to find the best values of eight parameters in W, .
Subsequently, a human check the obtained values and tunes the
value of each parameter based on his/her experience (human
interaction 1). The goal of human interaction 1 is to decide the
best possible solution between the obtained optimal solution
based on the specification of the simulator. For instance, the
regeneration of the 0.2 (m/s?) acceleration is possible using two
different solutions while using different linear displacements of
the simulator. Then, choosing the solution using less linear
displacement is wise to save more space for the following
motion signal. In addition, Fig. 2b shows a graphical
representation of the proposed HCI for selecting the best
solution by the operator after each generation by the
evolutionary algorithm (GA or PSO) algorithm. The main goal
is to reduce the system complexity by increasing the interaction
of experts in selecting the optimal solution.

Subsequently, the best values of the two remaining
parameters in W, are produced by the GA. Once again, the
obtained best values of eight parameters in W, are checked by
a human (human interaction 2). Table III shows the parameters
used in this method. The cascade optimisation technique is

trained and tested on four different signal data sets, including
white noises, vehicle sharp turning, acceleration and
deacceleration for 30 (s) in the simulation environment to
extract the optimal weighting parameters for the nonlinear MPC
suitable for common motion scenarios. This leads to consistent
results in dealing with motion scenarios in each data set.

Fig. 3 presents the pseudocode of the proposed cascade
optimisation algorithm to find the optimal weighting indices of

the NMPC-based MCA. The cost functions of the

Multiobjective GA and PSO are calculated as follows:
Joarpsor = Way, [ (@) ven — (@g)spmp)dt +

Wi, f ((fx)veh - (fx)SBMP) dt (21.2)

Jeaz,psoz = Wy f(max(x))zdt + wy, f(max(Vx))zdt +
Wa, f(max(ax))zdt + wy f(max(e))zdt +

w; f(max(li))zdt +w; [ (max(ii))z dt +
wi [ (max('l'i))z dt + wee [(CO)2dt + wy [(d)?dt +
Wi f(max(wg))zdt + We, f(max(ag))Zdt +

2
wr [ (max(T)) dt (21.b)
where W(';)ga foa Wy, WVXa Waxa Wg, Wi, Wi, Wi, Wee, Wy, W(;JG)
Wa

, and wr are the influence factors of the sensed angular

velocity, sensed specific force, linear displacement, linear
velocity, linear acceleration, and angular displacement of the
end-effector, leg’s position, velocity, and acceleration, shape
similarity, dexterity, angular velocity and angular acceleration
of the end-effector and running time of the process.

Fig. 4 depicts the selected solution based on two fitness
functions formulated in Eq. (21a-b). It should be noted that the
Pareto front distributions of the best solutions are regenerated
after finishing each generation of GA. Then, the operator can
select the best solution among them based on the system
requirements, including the motion sensation errors, control
action, motion parameters, dexterity and computational load.

It should be noted that the tuning time of the cascade and pure
GA optimisation techniques are 36 and 118 hours, respectively,
using the system with a processor: IntelR Core™ 17-9700K
CPU 3.60 GHz and Installed memory 32.0 GB.

TABLE III
CASCADE ADJUSTMENT PARAMETERS
Parameters GA PSO
[(Wa; Wy,; Wo; W,
i W W * 4
Variables Wi Wa,l Wy Wi W, 3 W, ]
Population Slze & 35 45
Swarm Size
Maximum Generation 15 10
& Maximum Stall
[1.2x10%2 % 107%;
- [2.4 x 105; 2x10%2x 107,
PP 2.4 % 10] 2% 10711 x 10%;
2X107%2%x107]
.. ) [0;0;0;0
Lower Limit [0; 0] 0; 0; 0; 0]
Crossover Rate 0.8 NA
Mutation Function Adaptive Feasible NA
Function Tolerance 10-4 10-4




Algorithm 1: Hybridization of GA, PSO using Human Interaction
Input: weighting parameters W, = {W, ..., Wy,],

Output: Best Values of W, = {W,, ..., Wy,l,

Begin

1.  Separation of Weights:
// Divide the weighting parameters into two separate sub-sets.
W, = Wy, Wa,l,
Wy, = (Wi Wy W s W Wiy s Wi Wi Wo s W, |,
2. Set Cost Functions of GA and PSO Using Eqs. 20a and 20b,
3. Apply Cascading Optimisation // Using GA and
PSO in two steps.
3.1. Apply PSO to W,
3.2. [Initialize Particle Swarm
3.3. Evaluate Fitness of Particle Swarm
For n =1 to the Number of Particles
33.1. Find pbest
33.2. Find gbest
3.4. Return the Best Values of
Waes Wy,s We,s Wi Wegs Wi Wis Wa,s W,
to the First Human Interaction Center,
Choose the Best Values of
W Wy, s Wo s Wes Weygs Wi Wis W s W

34.1.

0 o

End for

3.5. Apply GA to W :

3.6. Initialize Population with P Chromosomes and the Other
Parameters,

For each Chromosome in the Population

3.6.1. Return the Best Values of
W3 ; Wp, to the Second Human Interaction Center,
3.6.2. Choose the Best Values of Wi Wa,,

4. Return the best values of W,
End for

End.
Fig. 3. The pseudocode of the proposed cascade optimisation algorithm in
order to find the optimal weighting parameters of the NMPC-based MCA.

IV. RESULTS AND DISCUSSION

The objective and subjective studies of the MCA is a
standard approach to evaluating the effectiveness of these
methods. The initial objective evaluation of the MCA was
conducted by Casas et al. [35], followed by other researchers
[14, 17]. On the other hand, a subjective study was conducted
by Arjona et al. [36] on a flight simulator platform. As the
subjective study faces many uncertainty issues, such as
different understanding of the motion by different human
subjects, effectiveness of a practical implementation of the
MCA, and accuracy of the used simulator platform, the
objective study is the most reliable method for evaluation of
different MCAs. This section contains two subsections
including verification and validation. In the first part of this
section, the steps for developing the proposed model using
MATLAB software is explained in detail. Then, the following
subsection is used to show the improvement of the proposed
model in comparison with those of previous models.

A. Verification

The proposed NMPC-based MCA model in section II is
tuned using the cascade optimisation technique in section III,
known as NMPC-CAS. The proposed NMPC-based MCA
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Fig. 4. (a): Pareto-front of cascade optimisation technique.
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Fig. 5. The schematic representation of the whole process.

model is tuned using a Multiobjective GA (known as NMPC-
GA) for comparison purposes. The optimally designed linear
time-invariant MPC-based MCA model based on the work of
Mohammadi et al. [24] using a Multiobjective GA (known as
LMPC-GA) is developed for comparison with NMPC-based
MCA for the first time in this contribution. In addition, the
linear time-varying MPC-based MCA model in Qazani ef al.
[15] (known as LTVMPC-GA) is developed for comparison
with the proposed NMPC-based MCA model. In short, four
methods, namely LMPC-GA, LTVMPC-GA, NMPC-GA and
NMPC-CAS, are compared in this study. Fig. 5 shows the
procedure for the proposed method using the signal generation
unit, MCA, inverse kinematic unit, PID controller and
SimMechanic model of the hexapod simulator. The proposed
model comprises two main parts under MATLAB/Simulink
environment. The first is the development of NMPC-based
MCA using MATMPC. The second is the development of the
Hexapod simulator system using a PID controller and the
SimMechanic Toolbox of MATLAB. The SimMechanic model
of the Hexapod system is the closest duplication of this
mechanism in a simulation environment with the definition of
dynamical, mechanical, and geometrical parameters of the
simulator platform. It should be noted that the driving scenario
is recorded in the rigs-of-rod application about vehicle
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Fig. 6. The recorded driving motion scenario using rigs-of-rod soft body engine
(version 0.39.5 the vehicle simulation environment), translational motion
signal.

simulation with 30 (s) of motion from the starting point, harsh
turning on the edge of the road, and severe braking to stop the
vehicle. The MCA regenerated the motion cues for the
simulator using the real driving scenario. The tasks of inverse
kinematic and PID units are the calculation of the joints’
position and control activities of the joints. Then, the
SimMechanic model of the Hexapod simulator generated the 6-
DoF motions. The models mentioned above are verified using
the MATLAB/Simulink software and simulated using ODE-3
(Bogacki-Shampine) with a time step of 0.01 (s). It should be
noted that the MATMPC package supports both MATLAB
coding and the Simulink environment [27]. All four main
blocks, shown in Fig. 5, are modelled in MATLAB to validate
the proposed model's results as compared to the existing ones.

Fig. 6 shows the translation motion signal of the vehicle
along the longitudinal channel for 25 (s) of motion. The models
are validated using three parameters, i.e., the root means square
error (RMSE) of the motion sensation between the real vehicle
driver and simulator user, CC between the reference motion
signal perceived via the real vehicle driver and the simulator
user, and the phase lag between the signals. The idea of using
CC to evaluate the regenerated motion signals via the MCA
model was introduced by Asadi et al. [37]. It can depict the
shape similarity between two signals since the human vestibular
model cannot understand the motion signal quantitatively.
Grottoli et al. [38] introduced a phase lag between two signals
to evaluate the quality of the regenerated motion signal via the
MCA model. The phase lag is determined based on the time
delay between two signals to reach the maximum shape
similarity. Table IV presents the RMSE, CC, phase lag of the
translational motion sensation signal and maximum linear and
angular displacement of the end-effector using LMPC-GA,
LTVMPC-GA, NMPC-GA, and NMPC-CAS. RMSE and CC
between two signals can be calculated as follows:

n P2
RMSE = /% (22.2)
ce(r, ) = Az 0D (22.b)

Y (i =0)2(T;-T)?
where n, T, and T; are the number of samples, the i output,

and the i* predicted value, respectively. Also, x;, X, and T are
the i* input, mean of inputs, and mean of outputs, respectively.
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Fig. 7. The sensed specific force for linear time-invariant tuning via GA, time-
varying tuning via GA, nonlinear tuning via GA and nonlinear tuning via
cascade MPC-based MCAs along x-axis.

B. Validation

Fig. 7 depicts the sensation of linear motion signals for the
real vehicle driver and the simulator user using LMPC-GA,
LTVMPC-GA, NMPC-GA, and NMPC-CAS. The CC scores
pertaining to the sensed linear acceleration signal via the
simulator user as compared with that of a real vehicle driver
using LMPC-GA, LTVMPC-GA, NMPC-GA and NMPC-CAS
are 0.1292, 0.2868, 0.6936 and 0.8091, respectively. The shape-
following factor using NMPC-CAS is 6.2624 times, 2.8211
times and 1.1665 times more than those of LMPC-GA,
LTVMPC-GA, and NMPC-GA. It initially proves the
efficiency of the linear time-varying MPC in regenerating high-
fidelity motion signals for simulator users compared to linear
time-variant MPC. However, this improvement is negligible
compared with that of the NMPC which is the first main
contribution of this paper. Also, the higher shape similarity
between the motion sensation signal of the real vehicle’s driver
and simulator’s user using the NMPC-CAS as compared with
that of NMPC-GA proved the efficiency of the proposed
cascade optimisation tuning technique.

Fig. 8 presents the sensation error of the linear motion signal
between the real vehicle driver and the simulator user using
LMPC-GA, LTVMPC-GA, NMPC-GA and NMPC-CAS. The
RMSE rates of the sensed linear acceleration signals via the
simulator user compared to those of the real vehicle driver are
1.6341, 1.6323, 1.4893, and 1.3311 (m/s?) using LMPC-GA,
LTVMPC-GA, NMPC-GA and NMPC-CAS, respectively.
Based on these results, the dramatic improvement of both
NMPC models tuned using GA and the cascade technique is

TABLE IV
THE RESULTS FOR THE LMPC-GA, LTVMPC-GA, NMPC-GA, AND NMPC-
CAS ALONG LONGITUDINAL CHANNEL

Paramotors LMPC- LTVMPC- NMPC-  NMPC-

GA GA GA CAS

RMSE (m/s%) 1.6341 1.6323 1.4893 13311

cC 0.1292 0.2868 0.6936  0.8091

Phase Lag (Time-step) 13 12 6 6
Maximum Lincar 00705 01327 01445  0.1850
Displacement (m)
Maximum Angular 0.307 0.330 0.298 0.399

Displacement (rad)
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Fig. 8. The error of sensed specific force for linear time-invariant tuning via
GA, time-varying tuning via GA, nonlinear tuning via GA and nonlinear tuning
via cascade MPC-based MCAs along x-axis.

noticeable, compared to those of the linear MPC. Second, the
results indicate that time-varying MPC, even when including
the nonlinear dynamics model of the system, cannot generate
more accurate motion signals than those of the nonlinear MPC.
Since it is linear time-varying, the MPC linearises the model
and the error increases during the linearisation process. As such,
its RMSE rate increases gradually when calculating the motion
signal. Third, the cascade optimisation technique can identify
good weighting indices of the NMPC to reduce the RMSE rate
of the sensed specific force compared with those of the GA-
based tuning process.

Fig. 9.a-b represent the linear and angular displacements of
the cockpit along the x-axis and pifch-angle, respectively. The
results prove that the linear time-varying MPC uses linear and
angular motion better than the traditional linear time-invariant
MPC. Because the linear time-varying MPC can include the
actuators' constraints rather than those of the cockpit, it is not
necessary to implement additional safety assumptions for the
cockpit in the linear time-varying MPC. Comparatively, the
NMPC can include the actuators' constraints better than the
linear time-varying MPC because it is not necessary to linearise
the nonlinear dynamical model of the plant in NMPC. The
better usage of the cockpit constraints is obvious using NMPC-
CAS compared to the other three previously mentioned
methods.

The pod lengths are depicted in Fig. 10.a-c using LTVMPC-
GA, NMPC-GA and NMPC-CAS, respectively. The pod
lengths of LMPC-GA are not shown because there is an extra
safety assumption to respect the actuator constraints. Based on
Fig. 10.b-c, it is evident that cascade tuning can produce
optimal weighting parameters for the NMPC and exploit the
actuator constraints more efficiently than the GA-tuning
method.

Also, the NMPC-CAS has a low online computational load
compared with NMPC-GA. Fig. 11 shows the computational
time of the MATMPC using GA and cascade optimisation
algorithms. Based on Fig. 11, the RMSE of the NMPC-CAS
and -GA are 1.7470 and 1.8665 (ms), respectively. This proves
the lower computational load of the NMPC-CAS compared to
NMPC-GA. The lower computational load of the mechanism is
necessary for increasing the system's applicability.
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Fig. 9. Linear and angular displacement of the simulator using linear time-
invariant tuning via GA, time-varying tuning via GA, nonlinear tuning via GA
and nonlinear tuning via cascade MPC-based MCAs along (a) x-axis; (b) pitch-
angle.
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At the end, three different critical motion scenarios,
including acceleration/deacceleration, sharp turning, and
slalom are applied to the investigated methods of this study for
further evaluation and to show the improvement of the newly
proposed NMPC-CAS. The three investigated motion scenarios
are shown in Fig. 12. It should be noted that
acceleration/deacceleration and sharp turning lasts for 30
seconds of motion, while slalom was for 80 seconds. The results
are shown in Table V, including RMSE, CC maximum linear
and angular displacement of the end-effector using LMPC-GA
and NMPC-CAS. Based on the represented results in Table V,
NMPC-CAS is able to improve the CC between the sensed
specific forces between the user of simulator and real vehicle
driver compared with LMPC-GA using
acceleration/deacceleration, sharp turning, and slalom motion
scenarios with 33.49%, 33.25%, and 32.97%, respectively. In
addition, RMSE of sensed specific force between the user of
simulator and real vehicle driver with implementation of
acceleration/deacceleration, sharp turning, and slalom motion
scenarios using NMPC-CAS are decreased 44.86%, 45.86%,
and 55.58% compared with LMPC-GA. NMPC-CAS is able to
use more linear and angular displacement of the end-effector
using all three different motion scenarios compared with
LMPC-GA because of the consideration of actuators and
passive joints limitations based on the represented results in
fifth and sixth raw of Table V.

The aforementioned results prove the efficiency of the
NMPC-based MCA tuned by a two-step cascade optimisation
technique, including GA and PSO. In addition, the NMPC has
been compared with linear MPCs for the first time in this

TABLEV
THE RESULTS FOR THE LMPC-GA AND NMPC-CAS ALONG LONGITUDINAL
CHANNEL USING ACCELERATION/DEACCELERATION, SHARP TURNING AND
SLALOM MOTION SCENARIOS

Parameters LMPC-GA NMPC-CAS
Ac/De Tur Sla Ac/De Tur Sla
RMSE (m/s?) 2.1945 15706 2.6796 12101 0.8503 1.1902
cC 06124 0.6536 05642 08175 08709 0.7502
Maximum
_ Linear 0.1031 0.0824 0.1115 0.1830 0.1514 0.2283
Displacement
(m)
Maximum
Angular o 3500 04100 03604 04120 04946 04389
Displacement
(rad)

Ac/De: Acceleration/Deacceleration; Tur: Sharp Turning; Sla: Slalom.
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Fig. 12. Three critical motion scenarios including acceleration/deacceleration,
sharp turning, and slalom.

research, and improvement of the NMPC is shown with a
reduction of the RMSE rate and an increase of the CC score
between the sensed linear acceleration signals via the real
vehicle driver and the simulator user.

V. CONCLUSION

The generated driving signals from a real vehicle, including
the angular velocity and linear acceleration, cannot be
implemented in a driving motion platform system because of
the position, velocity and acceleration constraints of the joints.
A motion cueing algorithm is used to regenerate feasible and
realistic driving motion signals to produce realistic driving
experiences for the motion platform user while satisfying the
motion platform constraints. Recently, linear model predictive
control has been used in most motion cueing algorithm models
because of its ability to keep the cockpit inside the driving
motion platform boundaries based on the end-effector
coordinate system. However, the joints of the manipulators are
the main reason for the cockpit constraints, and it is not possible
to exploit the entire workspace without considering the actuator
constraints. The linear time-varying and nonlinear model
predictive control models have been introduced to overcome
this disadvantage of linear model predictive control. However,
the efficiency of linear time-varying model predictive control is
not as good as that of nonlinear model predictive control. As the
first main contribution of this paper, a nonlinear model
predictive control-based motion cueing algorithm using the
MATMPC package is designed and developed. The algorithm
is developed to increase the efficiency of the fidelity of the
motion cues for the driving motion platform’s user compared to
real vehicle’s driver with a low computational load. However,
the tuning process of the nonlinear model predictive control is
not as easy as its linear counterpart. The introduction of a
cascade optimisation technique reduces the duration of the
tuning process. It also offers better results as compared to those
of a one-layer Multiobjective genetic algorithm. Since many
weighting parameters need to be appropriately tuned to increase
the nonlinear model predictive control’s efficiency, one-layer
optimisation methods, such as genetic algorithms, may not be
able to identify the optimal weighting indices. The proposed
cascade method has been designed and developed using
Simulink/MATLAB and compared to the linear model
predictive control, linear time-varying model predictive control



and nonlinear model predictive control methods. All are tuned
using genetic algorithms. The results of this research have
validated the efficiency of the proposed method, which includes
the nonlinear dynamics model of motion cueing and a proper
tuning method. The improvement of the CC score and reduction
of the RMSE rate pertaining to the motion sensation along the
longitudinal channel indicate the viability of the proposed
method. It should be noted that since the proposed method can
decrease the computational time of the tuning process, it can be
employed as a fast adjustable method for implementing the
highly-efficient nonlinear model predictive control-based
motion cueing algorithm for each user of the driving motion
platform. Even though the proposed model has several
advantages, it has some challenges to be addressed in future
studies. First, the proposed method will be investigated using
large data sets to validate its performance under a wide range of
conditions. Second, the GA and PSO are separately applied in
two different steps, which is akin to a single decision process of
choosing the optimal values. To remedy this problem, group
decision-making (also called collaborative decision-making)
will be investigated to improve the optimal weighting
parameters. Third, only numerical studies have been conducted
here; however, future work will partially focus on the design
and development of an experimental setup to validate the
theoretical findings. In addition, the implemantation of
validation for all four channles, including longitudinal, lateral,
heave, and yaw will be investigated. Last, parallel and
incremental machine learning algorithms [39] and fuzzy logic
[40] can be used to better and faster find the optimal weighting
parameters. The results of these suggested studies will be
published in the future and compared to the current state-of-the-
art.
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