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Consideration of Joints’ Limitations
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Mohamed*, Chee Peng Lim’, Saeid Nahavandi®, Fellow, IEEE

Abstract—Motion simulation platforms (MSPs) are widely used
to generate driving/flying motion sensations for the users. The
MSPs have a restricted workspace area due to the dynamical and
physical restrictions of the Motion Platforms active joints as well
as the physical limitations of its passive joints. The motion cueing
algorithm (MCA) is the reproduction of the motion signal
including linear accelerations and angular velocities. It aims to
simultaneously respect the MSP’s workspace limitations and make
the same motion feeling for the user as a real vehicle. The Classical
washout filter (WF) is a well-known type of MCA. The classical
WEF is easy to set-up, offers a low computational burden and high
functionality but has some major drawbacks such as fixed WF
parameters tuned according to worst-case scenarios and no
consideration of the human vestibular system. As a result,
adaptive WFs were developed to consider the human vestibular
system and enhance the efficiency of the method using time-
varying filters. The existing adaptive WFs only cogitate the
boundaries of the end-effector in the Cartesian coordinate space
as a substitute for the active and passive joints limitations, which
is MSP’s main limiting factor. This conservative assumption
reduces the available workspace area of the MSP and increases the
motion sensation error for the MSPs user. In this study, a fuzzy
logic-based WF is developed, to consider the dynamical and
physical boundaries of the active joints as well as the physical
boundaries of the passive joints. A genetic algorithm is used to
select the membership functions’ values of the active and passive
joints’ boundaries. The model is designed using MATLAB
/Simulink and the outcomes demonstrate the efficiency of the
proposed method versus existing adaptive WFs.

Index Terms— motion cueing algorithm, fuzzy logic, dynamical
and physical limitations, hexapod platform, human sensation
error, washout filter (WF), genetic algorithm.

I. INTRODUCTION

HE reproduction of vehicle motion signals along 6-degrees

of freedom (6-DoF) has become possible due to the use of
Hexapod manipulators, known as one of the most commonly
known parallel mechanism. The usage of parallel and serial
motion simulation platforms (MSPs) has been growing recently
in many industries including aviation, automotive and
transportation [1, 2]. The hexapod based MSPs have a limited
workspace area due to the dynamical and physical limitations
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of the active joints as well as the physical boundaries of the
passive joints [3-6]. A motion cueing algorithm (MCA) is the
main algorithm in charge of producing real vehicle motion cues
within the dynamical and physical limitations of the MSPs,
aiming to produce realistic driving/flying motion sensations for
the MSP’s user{7].

There are four different types of MCAs known as classical,
adaptive, optimal [8-10] and model predictive control-based
MCAs [11, 12]. Conrad and Schmidt [13] conducted a study
which lead to developing classical washout filters (WFs) as the
most common and commercial type of MCAs. It consists of a
series of high- and low-pass filters with the addition of a tilt
coordination channel which is responsible for the generation of
sustainable accelerations from the low-frequency part of the
motion signal via somatogravic illusion [14]. On the other hand,
the high-pass filter employs high-frequency parts of the vehicle
motion signals to move the MSP within its workspace. Cases et
al. [15] used a genetic algorithm to find the optimal indexes of
the classical MCAs without practical evaluation. The
advantages of the classical WF include simplicity, high
functionality and low computational load. Classical WFs
should be tunned based on the worst-case scenario to restrict the
end-effector inside the workspace in any circumstances. This
assumption reduces the efficiency of the algorithm in
reproducing accurate motion sensation signals. Also, classical
WFs suffer from other drawbacks including fixed WF
parameters, absence of a human vestibular model and lack of
consideration for MSP’s limitations. These drawbacks lead to
motion sickness as the most important drawback of the MCA
[16]. The concept of the adaptive WF was introduced by Parrish
et al. [17] to change cut-off frequencies of the classical WF.
Reid and Nahon [18, 19] employed the coordinated adaptive
WF aiming to minimise motion sensation errors between the
real vehicle driver and the MSP driver. The adaptive WF for 2-
DoF MSPs using gradient descent optimisation to extract the
optimal coefficient parameters of the filters based on the motion
sensation errors and the position and velocity limitations of the
MSP was developed by Nehaoua et al. [20]. Zadeh [21]
introduced the fuzzy logic theory that has been developed in
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control concepts. Fuzzy logic is one of the best techniques for
systems with stochastic behaviour and changeable inputs
because it is able to transform deterministic plans to stochastic
plans [22, 23]. Hwang et al. [24] employed fuzzy logic to
change the fixed parameters of WFs for the generation of
accurate motion signals. Asadi et al. [25, 26] employed the
fuzzy logic controller to fluctuate the cut-off frequencies of the
classical WF based on the motion sensation error between the
real vehicle driver and the MSP driver, and the translational and
rotational displacement of the MSP. The consideration for the
MSP’s limitation [25, 26] in the Cartesian space for serial MSPs
works, however, it reduces the efficiency of the presented
algorithm for Hexapod MSPs. The primary reasons for the
workspace limitation are the dynamical and physical
boundaries of the active joints as well as the physical limitations
of the passive joints. Another aspect of the adaptive WF is
introduced by Asadi et al. [27-29] by generating motion
compensation signals based on the contemporary situation of
the MSPs such as end-effector distance from the neutral
position.

A mid-sized Hexapod MSP, which is shown in Fig. 1, is
employed in this study since it this type parallel manipulators
are the most common parallel manipulators for the generation
of motions in 6-DoF [30]. The workspace area, dynamical and
physical boundaries of the active joints and the physical
boundaries of the passive joints are shown in Table I.

All previous studies on classical and adaptive WFs [13, 17-
20, 24-28, 31] generate the motion signal based on the MSP’s
boundaries in the Cartesian space. Also, they did not consider
the dynamical boundaries of the active joints including its
acceleration and velocity limitations. The consideration of the
dynamical and physical boundaries of the active joints leads to
efficient usage of the platform workspace, enhances the motion
fidelity and causes better generation of the high-frequency
motion signals. The physical boundaries of the passive joints
are considered in this study to use the maximum angular
displacement of the MSP based on the boundaries of the passive
joints’ angles. A fuzzy logic controller is employed in this
research to formulate the new adaptive WF while considering
the dynamical and physical limitations of the MSP’s actuators
as well as the physical boundaries of its passive joints. The main
purpose in developing of the proposed fuzzy logic-based
adaptive WF is to overcome the disadvantages of the existing
adaptive WFs, including the lack of consideration of the joints’
limitations [17, 27, 28, 32]. The proposed WF monitors the
accelerations, velocities and positions of the hexapod’s
actuators, angular position of the passive joints and driving
sensation error between the real vehicle driver and the MSP
driver aiming to generate the appropriate motion signals. This
is to solve the inefficient usage of the workspace area which
constitutes an artefact for the driver of the MSP. The fuzzy logic
controllers are employed in this study to extract the appropriate
cut-off frequency for the high- and low-pass filters in the
adaptive WF. Also, the membership functions of the proposed
fuzzy logic controllers are selected using a genetic algorithm
aiming to minimise the motion sensation error.

The inverse kinematics model of the Hexapod MSP is

Fig. 1. The structure and the closed kinematic chain of the Hexapod MSP.

explained in section II. The presented fuzzy logic-based
adaptive WF is explained in section III. Also, the outcomes of
the motion scenario are disputed in section III. The concluding
comments are disputed in section IV.

II. INVERSE KINEMATIC MODEL OF THE HEXAPOD MSP

The inverse kinematic model of the Hexapod MSP is in
charge of calculating the accelerations, velocities and positions
of the actuators based on the acceleration, velocity and position
of the end-effector [33, 34]. Fig. 1 shows the 3D file and the
structure of the Hexapod MSP. According to the closed
kinematic chain of the Hexapod MSP, the length vector L; of
the i Hexapod leg results from the equation:

L, +b; =PCP +a; €))
where a; and b; are the position vectors of the upper and lower
passive joints of the Hexapod MSP which are attached to the
fixed platform and moving platform, respectively. The end-
effector centre point, shown as PCP, shows the position vector
of the Hexapod MSP in the world frame {W}. a; can be
calculated as:

a,=RP'a, ()
where R is the rotation matrix along XYZ which indicates the
rotation from a local frame {P} to the world frame {W}. Fa;, is
the fixed position vector of the passive upper joints on the
moving platform with respect to the local frame {P}.

If n; is the unit vector of the Hexapod leg and the length of
the i leg is I;, the length of the Hexapod leg can be extracted
as follows:
in,=PCP+RPa, — b, )

The speed of the Hexapod i leg I, can be calculated by
taking the derivative and dot product with n; of the Eq. (4) as
follows:

[,=(PCP+wxRP"a;) n, )
where PCP and o are the linear and angular velocity of the
Hexapod MSP, respectively.

The acceleration of the i leg, 'l.i, can be found by taking the

derivative of Eq. (5) with respect to time as:



TABLEI
THE DYNAMICAL AND PHYSICAL BOUNDARIES OF THE HEXAPOD MSP

Index Position Velocity Acceleration
I; 0.76-1.13 (m) +0.23 (m/s) +4 (m/s?)
B; +12 (deg) NA NA
x +0.1 (m) +1.5 (m/s) +3.3 (m/s?)
y +0.1 (m) +1.5 (m/s) +3.5 (m/s?)
z +0.02 (m) +0.9 (m/s) +5.0 (m/s?)
Roll +10 (deg) +115 (deg/s) +550 (deg/s?)
Pitch =10 (deg) +55 (deg/s) +550 (deg/s?)
Yaw +12.5 (deg) +55 (deg/s) +200 (deg/s?)
deg: degree; m: meter; NA: not any; s: second.
_ .. P P .
li—(PCP+a><R a,+ox(wxR ai)) n;, (6)

where PCP and « are the linear and angular acceleration of the
Hexapod MSP, respectively.

There are two different types of passive joints in the structure
of the Hexapod MSP. The universal passive joints connect the
fixed plate of the Hexapod MSP to the legs, and the spherical
passive joints attach the legs to the moving platform of the
Hexapod MSP. The spherical joints typically have higher
angular limitations compared with universal joints. Therefore,
the passive upper joints should be extracted to be considered
inside the adaptive WF. The angular displacement of the i
upper passive joints, f3;, can be found by taking the dot product
between the normal vector of the legs’ position and the normal
vector of the Hexapod MSP’s position as follows:

ninpcp
Bi = acos (Inillnpcpl) @
where npp is the unit vector of the Hexapod MSP’s position.

The consideration of the legs’ accelerations, velocities and
positions as well as the angular displacements of the passive
upper joints can enhance the ability of the proposed algorithm
to generate more accurate driving signals based on the
acceleration, velocity and position of the Hexapod MSP. The
whole workspace area of the Hexapod MSP cannot be used
efficiently due to the conservative presumption of the
workspace limitations in the Cartesian space.

III. Fuzzy LOGIC-BASED ADAPTIVE WF

The schematic structure of the proposed adaptive WF with
consideration for the active and passive joints’ limitations
regarding a longitudinal channel is shown in Fig. 2. It consists
of the second-order high- and low-pass filters in translational
and tilt coordination channels, respectively. Also, a first-order

high-pass filter is employed in the rotational mode as below:

SZ

HPrygns = 2428 wnstwn? 8.2)
— wn?
LPTrans - $2+28 WpS+wn?2 (8~b)
s
HPpo = wron (8.0

where ¢ and w,, are the damping ratio and cut-off frequency of
the above filters.

The structure of the adaptive WF is similar to the classical
WF [13] while it can vary the damping ratios and cut-off
frequencies of the filters. According to Fig. 2, the inputs of the

(@x)ven ) usp
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Translational Channel
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Tilt Coordination Channel
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n(HPRo) @ msp
Rotational Channel
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Fig. 2. The schematic structure of the proposed adaptive WF with cogitation of
the active and passive joints limitations.

classical and adaptive WFs for the longitudinal mode are linear
acceleration and angular velocity signals shown as (a,) e, and
(é)veh, respectively. It should be noted that the structure of

lateral mode of the proposed adaptive WF is similar to the
longitudinal mode while it has different inputs which are linear
acceleration and angular velocity signals along y-axis shown as
(ay)veh and (@)yen - The heave and yaw channels consist of a

translational channel and a rotational channel, respectively. The
input signal of the heave mode is a linear acceleration signal
along the z-axis (ay)veh (through the translational channel).

The input signal of the yaw channel is the angular velocity
signal along z-axis (t/))veh (through the rotational channel). The

cut-off frequency of the adaptive WF is calculated using the
fuzzy logic controller based on the accelerations, velocities and
positions of the active joints, angular displacements of the
passive upper joints, and the driving sensation error between the
real vehicle driver and the MSP driver. In the following
subsection, the human vestibular system and the structure of the
proposed fuzzy logic controller are explained.

A. Human Vestibular Perception Model

The human vestibular model is located inside the inner ear of

the human body as the main part of the human perceptual
system, which is responsible for sensing the rotational and
translational motions. The human vestibular system is
composed of the otolith organ and semicircular canals. The
otolith organ senses the translational motion signals and based
on [35], the best transfer function model which relates the
sensed specific force, f, to the applied specific force, f, is as
follows:
f (tgs+1)
/: = KOTO ((TLS+‘11)(TSS+1)) (9)
where 74, T, and 7, are respectively the neural processing term
lead operator, the long time constant and the short time constant
of the otolith organs. 7, is 5.3 (s), 5.33 (s) and 5.33 (s) in the
x-, y- and z-direction and K1, 75 and 7, are 0.4, 0.016 (s) and
13.2 (s) in all three translational directions.

Also, the semicircular canals are in charge of the rotational
driving sensation. The transfer function model of the
semicircular system based on [36], which relates the sensed
angular velocity ® to the applied angular velocity w, is
employed in this research as follows:
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; = ((tas+11)(115+1)) (10)
where 7, and 1, are the adaption time constant and the long
time constant, respectively. T, = 30 (s) in all three rotational
directions. It should be noted that 7, = 5.3 (s) for the pitch,
7, = 6.1 (s) for the roll and 7, = 10.2 (s) for the yaw.

The indicated models of the human vestibular system in Eq.
(9) and Eq. (10) should be employed inside the proposed
adaptive WF to reduce the motion sensation error with
consideration of the dynamical and physical boundaries of the
Hexapod MSP.

B. Fuzzy Logic Control Unit

Fig 3. a-c illustrates the structure of the fuzzy logic units for
the adaptive WF to extract the appropriate cut-off frequency in
the longitudinal mode. The same methodology can be followed
to extract the model for the other modes including lateral, heave
and yaw. According to Fig. 3.a the inputs of the fuzzy logic
units for the high-pass filter of the translational channel are the
maximum accelerations, velocities and positions of the leg
between 6 legs shown as max(l;), max(l;) and max(l,),
respectively , as well as the error of the sensed specific force
between the real vehicle driver and the MSP driver. The
accelerations, velocities and positions of the legs are calculated
based on Eq. (4), Eq. (5) and Eq. (6). Then, the maximum
accelerations, velocities and positions of the legs are selected
and normalised to be used as the inputs of the fuzzy control unit
of the high-pass translational channel. The inputs are split into
five different ranges known as very near, near, medium, far and
very far. As the human vestibular system is unable to sense the
exact amount of motion sensation, the motion sensation error
for rotational and translational fuzzy blocks between the real
vehicle and MSP driver can be categorised in five groups
known as very negative, negative, zero, positive, and very
positive. As the fuzzy unit cannot detect the direction of the
Hexapod MSP in the next time step, the compensator unit is
designed to enhance the ability of the fuzzy unit by detecting
the directional Hexapod MSP’s movement and modifying the
cut-off frequency based on the current configuration of the
Hexapod MSP. For instance, if the leg is close to its upper
length limitation while it is shrinking, then the compensator unit
decreases the generated cut-off frequency via the fuzzy unit to
modify the current position of the Hexapod actuators. The
outputs of the fuzzy units are the cut-off frequency of the WFs,
and they are divided into five groups including very small,
small, medium, big and very big. The higher cut-off frequency
of the high-pass filter generates more restricted motions. The
outputs of the fuzzy units should be multiplied by the scale
factors based on the current position and workspace limitations
of the Hexapod MSP. The mid-size Hexapod MSP leads to
more restriction on the workspace area; therefore, a higher scale
factor should be selected. Fig. 3.b shows the fuzzy unit that
generates the cut-off frequency of the tilt coordination channel
for the proposed adaptive WF. The first input of the fuzzy unit
is the maximum angular displacement of the passive upper
joints max(f;). The primary cause for the rotational limitation
of the Hexapod MSP is the limitation of its passive joints. The
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Fig. 3. The structure of fuzzy logic based adaptive WF for longitudinal channel
(a): the high-pass filer of the translational mode ;(b) the low-pass filer of the
translational mode; (c) the high-pass filer of the rotational mode.

maximum usage of the Hexapod’s rotational movement can be
achieved by monitoring the angular displacement of the passive
joints. The angular displacement is divided into five groups
similar to the active joints’ limitations known as very near, near,
medium, far and very far. The second input is similar to the
second input of the translational channel. However, the output
of the rotational channel is quite the opposite of the translational
channel’s output. In fact, the higher cut-off frequency in low-
pass filter generates less restricted angular motions. Fig. 3.c
shows the fuzzy unit that produces the cut-off frequency for the
rotational channel of the adaptive WF. The first input is the
maximum angular displacement of the passive upper joints and
the second input is the error of the sensed angular velocity
between the real vehicle driver and the MSP driver. The
rotational motion sensation error is categorised into five groups
known as very negative, negative, zero, positive, and very
positive. The scale factors are employed to increase the
effectiveness of the fuzzy unit positively, and they have to be
tuned based on the Hexapod MSP’s boundaries.

C. Membership Function and Rule

Fig. 4.a presents the membership functions of the
acceleration, velocity and position limitations of the active
joints and the position limitations of the passive joints as the
first inputs of the fuzzy logic units. Fig. 4.b-c shows the input
membership functions for translational and rotational motion
sensation error between the real vehicle driver and the MSP
driver. The actual motion signals, including linear acceleration
and angular velocity, were generated via the simulated vehicle
user (using vehicle simulation environment soft body physics
engine called Rigs of Rods (RoR) and developed MCA



iax (1) 1 —dpax )

Linax (@) 1= dpyax (i)

Dmax (@) 1 —dypax (&)

Dmax (B) 1= dmax gy
N VF

T T w02 o0 o2 T 1

(©)

Fig. 4. The membership functions of (a): the input active joints’ accelerations,
velocities and positions, and passive joints’ angular displacements; (b): the
input sensed specific force’s error; (c): the input sensed angular velocity’s error.

connected to the motion platform in the simulation
environment. This is employed inside Eq. (9) and Eq. (10) in
order to calculate the actual translational and rotational motion

sensations shown as (ﬁ‘)ueh and (@g)yen, respectively. Also,

the translational and rotational motion sensation of the MSP’s
user are calculated using the extracted motion signals via the
MCA inside Eq. (9) and Eq. (10) shown as (fx)MSP and

(Wg)usp, respectively. The difference between these two
values determines the translation and rotational motion
sensation error for the MSP user. Between the trapezoidal,
triangular, sigmoid, and gaussian membership function, the
triangular membership function is chosen in this study because
of the light computational burden, small data load and simple
definition using its asymmetric form [28]. The inputs’
membership functions, as shown in Fig. 4.a-c are overlapping.
According to Fig. 4.c and d, there is a difference between the
inputs’ membership functions for the translational and
rotational motion sensation error. It is due to the structure of the
human otolith organs and semicircular canals [37]. The dead
zone of the membership functions of the rotational sensation
error is due to the human threshold unit as the MSP’s driver is
not supposed to sense the angular motion when there is only
translational motion. Also, Fig. 5 presents the output
membership functions of the fuzzy units to generate the cut-off
frequency of the high- and low-pass filters. The outputs’
membership functions, as shown in Fig. 5 are overlapping.

Twelve parameters including dyax(;): Amax(i)> @max(iy)>

Yty s (HPrrans) 2y s (HPprans)

1 @Pryans 20w, (LPrrans)
Ld o, P o) 2d., (HPgor)

VS M VB

(b)

Fig. 5. The output generated cut-off frequency for high- and low-pass filters.

dmax(ﬁi)’ 1d¢0n1—n3(HPTrans)’ 2d¢°n1—n3(HPTrans)’ 1dwn(LPTrans)’
Zdwn(LPTrans)’ 1dwn(HPRot)’ 2d‘ol)n(HPRot)’ deirx and dg&)g should
be specified in order to determine the membership functions, as
shown in Fig. 4.a-c and Fig. 5.

The multi-objective genetic algorithm (NSGA-II [38]) is
used to extract the optimum value of these parameters using
four different data-sets of white noise. The first sub-cost
function is the translational and rotational motion sensation
error between the real vehicle driver and the MSP driver. The
second sub-cost function is specified based on the maximum
acceleration, velocity and position of the legs, as well as the
maximum angular displacement of the passive joints. The
above-mentioned sub-cost function can be shown in integration
form of the inputs and outputs as follows:

Jucar = Wi S ((5),on = (£ ysp ) At + Wary J (@6)uen, —

(Wg)uspldt , (11.a)
Jvcaz =W, f(max(li))zdt +w; [ (max(ii)) dt +
wi [ (max('l.i))2 dt + wg f(max(ﬁi))zdt (11.b)

where wg , wg, o, Wi, wi, wi and wg are the influence factors of

wg?
the sensed specific force, sensed angular velocity, leg’s
position, leg’s velocity, leg’s acceleration and angular
displacement of the passive upper joints. These factors can be
determined by using both trial-and-error and expert knowledge
of the system and its mechanisms. The adjustment factors of the
multi-objective genetic algorithm are shown in Table II. These
parameters have to be adequately defined to increase the
precision and convergence speed of the method. In this study, a
low mutation rate and high crossover fraction are chosen based
on the work of De Jong and Michell [39, 40] which was later
used by Asadi et al. [1, 18, 19] in MCA’s domain and its
effectiveness was proven. The high population size increases
the computational burden of the model, while the low
population size restricts the searchability of the genetic
algorithm. In this study, the population size of 104 is selected
to have a faster convergence time while still having a high
search capability. The optimised values using the multi-
objective genetic algorithm are shown in Table III. The same
methodology can be followed for other channels including
lateral, heave and yaw.

The Mamdani-type fuzzy is selected and the rules of the
fuzzy logic controller are presented in Table IV for leg length
of the translational channel. Also, Fig. 6 presents the surface of
the translational fuzzy control rules for leg length fuzzy block.



TABLE I
MULTI-OBJECTIVE TUNING PARAMETERS

Parameters Value
Amax(;); dmax(ii); dmax(l'i); Amax (>
Variables 1d‘-°n1—n3(HPTrans); 2d‘-°n1—n3(HP'rrans);
1d ; 2d ; 1d ;
wn(LPrrans)> ““wn(LPrrans)’ ~“wn(HPRot) >
20 o, (tPRor)s Qer 3 deg,
Maximum Generation 45
Population size 104
Crossover rate 0.8
Tolerance 106

Mutation function Adaptive Feasible

TABLE III
PARAMETERS OF THE MEMBERSHIP FUNCTIONS

Parameters

Value
0.2082;0.4762;0.2229
0.3752;0.1211;0.1505
0.3094;0.1380;0.0724
0.1196;0.2139;0.2090

0.2586; 0.2134

dmax(li); dmax(l'i); dmax(l'i)

Amax(8)> 18w, (1Prrans) 18w (HPrrans)
1,y (1P rans)’ 2@ s (HPrrans) 2Qwma (HPrrans)
28 3 (HPrrans)’ Ldwn(LPrrans)’ 23w n(LPrrans)
1dwn(HPRaz); Zdwn(HPRaz)

do, ; do,,. 0.2286; 0.2048
TABLE IV
Fuzzy CONTROL RULES FOR LINEAR DISPLACEMENT WEIGHT PARAMETER
TUNING
e;
fx
We VN N Y4 P VP
VN VS VS VS VS VS
max(l,) N Vs S S s Vs
TSR M S M M M S
limitation{l;} 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.

It should be noted that the rules for the legs’ velocities and
accelerations of the translational channel and passive joints’
angles of the rotational channel are the same as listed in Table
IV. Also, the rules for the passive joints’ angle of tilt
coordination channel are opposite to the translational and
rotational channels. According to Table IV, the translational
human sensation error and the position of the active joints are
the inputs. The control actions are produced based on the rules
of the fuzzy units. For instance, if the error of the sensed
specific force between the real vehicle driver and the MSP
driver is very positive, and the maximum length of the legs is
close to its limitation, the cut-off frequency of the translational
high-pass filter should be set to very big to penalise the motion
of the Hexapod MSP and respect the boundaries of its active
joints. The detected error of the sensed angular velocity or
sensed specific force will affect the output when the legs are
close to the neutral position to utilise the legs’ position, velocity
and acceleration limitations more efficiently.

IV. RESULTS AND DISCUSSIONS

A. SimMechanic Modelling

To validate the proposed adaptive fuzzy logic-based WF, the
classical WF introduced by Conrad and Schmidt [13] and
adaptive WF developed by Hwang et al. [24] and improved by

Fig. 6. The fuzzy rule surface of the leg length fuzzy block.

Asadi et al. [26] are designed and implemented using
MATLAB software. Also, the inverse kinematics model of the
Hexapod MSP is modelled to find the active joints’
accelerations, velocities and positions as well as the angular
positions of the passive joints. Fig. 7 shows the complete model
of the proposed fuzzy logic-based adaptive WF, which is
composed of the adaptive fuzzy MCA unit, human vestibular
model and the inverse kinematics model. Also, the Hexapod
MSP is developed using SimMechanics environment in
MATLAB software to consider the dynamical and physical
boundaries of the active and passive joints. The SimMechanic
model is used to produce realistic results. The acceleration and
angular velocity sensors on the moving platform of the
Hexapod are used to monitor the actual sensed specific force
and sensed angular velocity of the MSP. Therefore, it might not
be possible to reproduce every vehicle motion signal using the
MCA unit as the dynamical and physical limitations of the
Hexapod MSP will be exceeded. The classical WF is designed
based on [13]. The previous adaptive WF is designed based on
consideration of the workspace limitations in the Cartesian
space introduced by Asadi et al. [28]. The new fuzzy logic-
based adaptive WF is designed and developed based on the
proposed model in section III. The three methods are tuned to
keep the MSP within its workspace limitations using the trial-
and-error method based on our expert knowledge of the system.
The pre-scaling method is used to keep the end-effector inside
the working area. Asadi et al. [41] proposed a nonlinear scaling
method for optimal and model predictive WFs, respectively.
Also, the same scale factors are selected for three methods to
provide a fair comparison. The scale factors of the linear
acceleration signal are 1/5, 1/5 and 1/3 along the x-, y- and z-
axis, respectively. Also, the scale factor of the angular velocity
signal is 1, 1 and 1/2 along roll-, pitch- and yaw-angle,
respectively. Fig. 7 shows that the inverse kinematic model
calculates the desired parameters for the adaptive WF to
consider the active and passive joints’ limitations in order to
reproduce more accurate motion signals. It should be noted that
the stability of the time-varying cut-off frequencies for the high-
and low-pass filters are studied numerically and practically [25,
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Fig. 7. The algorithm of the proposed adaptive WF.

26]. Initially, the different range of the cut-off frequencies are
investigated to ensure that it will not make the system unstable.
Then, the extracted period of the cut-off frequency is practically
tested using the step and brake signal to guarantee the stability
with the presence of sharp jumps in the filtered motion signal.

B. Motion Scenario

The motion scenario is recorded using a vehicle simulation
environment soft body physics engine RoR. It includes sudden
accelerations, turning the wheels, bumping, deceleration and
braking during the 25 seconds of motions generated, as shown
in Figs. 8. a-c. Fig. 8.a shows the road map including the start
pointand end point of motion. Also, Figs. 8.b-c shows the linear
acceleration and angular velocity signals, respectively. The
recorded motion signals are fed into classical, previous adaptive
and proposed adaptive WFs, while they are connected to the
motion platform in the simulation environment for assessing the
MSP driver’s sensation in order to show the efficiency of the
proposed model.

Figs. 9. a-c show the sensed angular velocity for the real
vehicle driver and Hexapod MSP driver using classical,
previous adaptive and newly proposed adaptive WFs. The
proposed fuzzy logic-based adaptive WF follows the shape of
the actual sensed angular velocity signal better than classical
and previous adaptive WFs. Also, the proposed fuzzy logic-
based adaptive WF follows the shape of the real vehicle driver
sensed angular velocity better when compared with the
previous adaptive WFs along the roll-and pitch-angle. The
correlation coefficient (CC) can be employed to compare the
shape similarity of two signals, which is introduced by Asadi et
al. [3]. The CC varies between 0 and 1, and a higher value of
CC means more similarity between the shape of two signals.
The CC of the sensed angular velocity using proposed adaptive
WF improved 12.28%, 6.33% and 6.54% along the roll-, pitch-
and yaw-angles, respectively when compared with the classical
WE. Also, the newly proposed adaptive WF shows 2.5%]1 and
5.88% improvement of the CC when compared with previous
adaptive WF along the roll- and pitch-angles, respectively. The
reduction of the CC along the yaw-angle using the proposed
adaptive WF when compared with the previous adaptive WF is
due to the consideration of the active joints’ limitations
including accelerations, velocities and positions. In other
words, the previous adaptive WF uses the active and passive
joints’ limitations to generate more yaw-angle instead of roll-
or pitch-angle. Fig. 9. d-f show the sensed specific force for the
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Fig. 8. The reference signal (real vehicle motions): (a) linear acceleration; (b)
angular velocity.

real car and the Hexapod MSP user using the classical, previous
adaptive and proposed adaptive WFs. The better shape
similarity of the newly proposed adaptive WF is evident as the
CC of the newly proposed adaptive WF is 6.63%, 2.88% and
5.08% better than the previous adaptive WF, and 15.90%,
9.75% and 6.18% better than classical WF along x-, y- and z-
axis.

The root-means-square error (RMSE) determines the total
reduction of the motion sensation error between the real vehicle
driver and the MSP driver. The errors of sensed angular velocity
between the real driver and the Hexapod MSP user using
classical, previous adaptive and newly proposed adaptive WFs
are shown and compared in Figs. 10. a-c. The RMSE of the
sensed angular velocity using the proposed adaptive WF
increased 43.47%, 16.80% and 5.10% along the roll-, pitch- and
yaw-angles when compared with the classical WF. Also, the
RMSE of the sensed angular velocity using the proposed
adaptive WF increased and 18.11% and 1.98% along the roll-
and pitch-angle when compared with classical WF and previous
adaptive WF. The higher RMSE of the sensed angular velocity
along the yaw-angle using the proposed adaptive WF is due to
the consideration of the active and passive joints limitations.
Therefore, the algorithm decides to use the limitation along the
roll- and pitch-angles, which are more essential in driving
motion scenario. Also, Figs. 10. d-f show the reduction of the
sensed specific force error using proposed adaptive WF along
the x-, y- and z-axis. The results of the human motion sensation
in cooperation with the classical, previous and proposed
adaptive WFs are summarised in Table V.

Figs. 11. a-c illustrate the linear motion of the Hexapod MSP
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using the classical, previous adaptive and proposed adaptive
WFs. Also, Figs. 11. d-f illustrate the angular motion of the
Hexapod MSP using the classical, previous adaptive and
proposed adaptive WFs. The proposed adaptive WF considers
the active and passive joints’ limitations and can use the
workspace area more wisely when compared with the classical
and previous adaptive WFs. The proposed fuzzy logic-based
adaptive WF can use the rotational motion of the end-effector

better than the classical and previous adaptive WFs to
reproduce more accurate low-frequency linear acceleration
signals. Finally, Fig. 12 and Fig. 13 show the active joints’
accelerations, velocities and positions as well as the passive
joints’ angular positions, respectively. Figs. 12. a-b show the
Hexapod legs’ lengths using the previous and proposed
adaptive WFs. Also, Figs. 12. c-d show the velocity of the
active joints using proposed and previous adaptive WFs. As the
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previous adaptive WF is not able to consider the lengths and
velocities of legs, the controller unit of the Hexapod MSP
saturates the accelerations, velocities and positions of the legs
if legs hit the limitations. The leg 1 reaches the linear
displacement limitation during 10-15 seconds of motion, as
illustrated in Fig. 12.a. This causes the lower rotational motion
sensation error along the yaw- angle using the previous adaptive
WE. It means that the previous adaptive WF generates an
unnecessary high yaw angle using unnecessary usage of the leg
1 length. On the other hand, the saturation of leg 1 length affects
the quality of generated motion signal along other three modes.
Figs. 12. e-f present the acceleration of the active legs using the
proposed and previous adaptive WFs. It is evident that the
proposed adaptive WF respects the dynamical and physical
limitations of the actuators more than the previous adaptive
WEF. Figs. 13. a-c explain the angular motion of the passive

20 25 30
(f) Time (s)

Linear and angular motion of the Hexapod MSP using classical, previous adaptive and proposed adaptive WFs: (a) x-axis; (b) y-axis; (c) z-axis; (a) roll-

joints during the motion scenario using the classical, previous
adaptive and proposed adaptive WFs, respectively. The
proposed adaptive WF uses the angular positions of the passive
joints better than the classical and previous adaptive WFs. The
results prove the efficiency of the proposed fuzzy logic- based
adaptive WF when compared with the classical and previous
adaptive WF. Using the proposed adaptive WF, the RMSE of
motion sensation between the real vehicle driver and the MSP
driver decreases in different modes compared to the classical
and previous adaptive WFs. Also, the CC between the MSP and
actual vehicle increases for all modes, which proves that the
proposed method can generate accurate motion signals for the
users. The proposed adaptive WF can be developed for different
mechanisms, allowing them to use their dynamical and physical
limitations to generate more accurate motion signals. Also, the
proposed method can consider passive joints’ positions to

TABLE V
THE RESULT FOR THE CLASSICAL, PREVIOUS ADAPTIVE AND PROPOSED ADAPTIVE WFS
RMSE CC
Index Classical WF Previous Proposed Classical WF Previous Proposed
Adaptive WF Adaptive WF Adaptive WF Adaptive WF
Sensed Specific Force along x- 0.7074 0.6503 0.6247 0.6394 0.6950 0.7411
axis
Sensed Specific Force along y- 0.4466 0.3960 0.3783 0.7645 0.8156 0.8391
axis
Sensed Specific Force along z- 0.1546 0.1546 0.1526 0.4611 0.4659 0.4896
axis
Sensed Angular Velocity along 0.0238 0.0202 0.0198 0.8538 0.8998 0.9079
pitch-angle
Sensed Angular Velocity along 0.0368 0.0254 0.0208 0.8500 0.9310 0.9544
roll-angle
Sensed Angular Velocity along 0.0881 0.0804 0.0836 0.6507 0.7209 0.6933
yaw-angle

CC: Correlation Coefficient; RMSE: Root Mean Square Error;
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generate sustained linear acceleration motion signal.

V. CONCLUSION

A fuzzy logic-based adaptive WF is developed in this study
for an Hexapod platform in order to consider the dynamical and

[5o4
(=}

—
W

Passive Joint
Angle (degree)
w o

(=}

15

—~
o
N
(=1
w
—_
(=]
=
[¢7
—~
»n
N7

o3
(=]

—
W

Passive Joint
Angle (degree)
w o

Passive Joint
Angle (degree)
=)

0 5 10 15 20 25 30
(c) Time (s)

Fig. 13. Angular displacement of the upper passive joints (a): of the classical
WEF; (b): of the previous adaptive WF; (c) of the proposed adaptive WF.

physical boundaries of its actuators as well as the physical
boundaries of its passive joints for reproducing the precise
driving motion sensation for MSP drivers. As the classical WF
cannot consider the physical limitations of the MSP in Cartesian
space, it should be tuned based on the worst-case scenario to
respect the workspace boundaries of the MSP. Also, the
existing adaptive WFs [24, 26] only consider the physical
boundaries of the MSP in Cartesian space, while the dynamical
and physical boundaries of the active and passive joints are the
main reason for the workspace limitations of the MSP. The
consideration of the MSP in Cartesian space still can lead to
poor usage of the available workspace, and it can lead to wrong
motion cues.

This paper aims to improve the platform’s workspace
without any conservative motion using the fuzzy logic
technique. The inverse kinematic model of the Hexapod MSP
is introduced initially to be considered in developing the
adaptive WF. Also, the fuzzy logic controllers are employed to
generate suitable cut-off frequencies for the adaptive WFs. The
fuzzy logic unit monitors the dynamical and physical
limitations of the active and passive joints as well as the motion
sensation error between the real vehicle driver and the MSP
driver to generate suitable cut-off frequencies. The membership
functions are tuned using a multi-objective genetic algorithm to
reduce the motion sensation error and respect the active and
passive joints’ limitations. In addition, the compensator unit is
designed to increase the efficiency of the proposed fuzzy logic
controller by detecting the directional motion of the Hexapod
MSP and adding a correction value to the fuzzy units’ outputs.
The proposed method is designed and implemented using



MATLAB software and is compared with the classical and
previous adaptive WFs. The better use of the workspace
boundaries with better respect to the active and passive joints’
limitations is achieved while decreasing the motion sensation
error using the presented fuzzy logic-based adaptive WF. As a
future work, a Kalman filter can be employed along with the
proposed adaptive MCA as a supplementary filter to provide
estimates for unknown variables, given the measurements
observed over time, such as noise and simulator actuators’
behaviors in high acceleration situations.

APPENDIX

The positions of the upper passive joints positions in reference

to the local frame:
P

ai =

0.6428 0.6428 0.342 —0.9848 —-0.9848 0.342

-0.766 0.766 09397 0.1736 —0.1736 —0.9397
0 0 0 0 0 0

The positions of the lower passive joints positions in reference
to world frame:

b. —

L2.9971 29971 —-1.3852
—0.1309 0.1309 2.6610
0 0 0
-1.6119 -1.6119 -1.3852
2.5302 —2.5302 -2.6610
0 0 0

legs lengths variation:
l; =05-15 i=1-6

Mass of the end-effector, upper legs and lower legs:

m, = 1216.9;m, = 143.9;m; = 92.1

The end-effector, upper legs and lower legs inertia tensors in
their local frames:

304.5 0 0
LL=] 0 304.5 0
0 0 304.5
67.2 0 0
I,=|l0 672 0
0 0 67.2
43 0 O
L=[0 43 o0
0 0 43
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