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Abstract—Parallel manipulators are recently used in most
motion simulation laboratories as they can easily generate six
degrees of freedom motion. Recently, fuzzy logic-based adaptive
motion cueing algorithms (MCAs) have been employed to
reproduce the motion signals. The usage of fuzzy logic-based
adaptive MCA reduces the movement sensation error between
the real vehicle and the simulation-based motion platform
(SBMP) wuser considering the end-effector limitations in
Cartesian space. . In this paper, a new fuzzy logic-based adaptive
MCA is introduced to generate motion signals based on the
joints’ limitations and the movement sensation error between the
real vehicle and the SBMP user. Considering the parallel SBMP,
joint limits enhance the ability of the introduced adaptive motion
cueing algorithm to generate more accurate movement feelings
with high fidelity. The simulation results prove that the proposed
adaptive motion cueing algorithm can effectively use the large
workspace of the parallel SBMP whilst reducing the motion
sensation error.

Keywords— motion cueing algorithm, adaptive controller, fuzzy
logic, motion platform, path planning

I. INTRODUCTION

The application of simulation-based motion platforms
increases due to their tremendous beneficial points in many
areas such as transportation system, human psychology,
reliability to autonomous, car factory and aerospace industry
[1-3]. They can be used as a handy device to train pilots or
even test newly designed cars even before rapid prototyping
them. Most motion simulation laboratories use parallel
manipulators as an SBMP because it is easy to reach high
acceleration using some low-load actuators [4-6]. Parallel
SBMPs are very cost-effective, easy to control and provide
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high stiffness and acceleration [7-9]. Moreover, there are
analytical solutions to extract the inverse kinematic model of
parallel SBMPs. However, the parallel SBMPs have a highly
restricted workspace regarding linear and angular motions.
Recently automotive companies, such as Benz or Renault [10],
have attached their parallel SBMPs to linear guides in order to
increase its linear workspace area. The usage of linear guides
eliminates the high linear workspace restriction of the parallel
SBMP along x- and y-axis.

The movement signals of the real vehicle cannot be directly
implemented into the SBMP because of the limited workspace
area. The approach to reproduce the real vehicle motion signals
(including linear acceleration and angular velocity), generating
the same real vehicle movement feeling for the SBMP user, is
called motion cueing algorithm (MCA) including classical [11,
12], adaptive [13-18], optimal [19-23] and model predictive
control [24-28]. The classical MCAs are very popular in
industries and research centres because of its simplicity, easy
tunning, low computational load and safety. Classical MCAs
filter the low-frequency part of the motion signal using a high-
pass filter to drive the SBMP inside the workspace area. In
addition, classical MCAs reproduce sustainable linear
accelerations using a low-pass filter combined with
somatogravic illusion [29]. Qazani et al. [12] monitored the
performance index of the hexapod SBMP using classical
MCA. Classical MCA does not consider the SBMP limitation
in generating the motion signal, and then it should be tuned
considering the worst-case scenario to respect the SBMP
limitation in every motion scenario. However, the worst-case
tuning technique reduce the efficiency by generating false
motion cues. The damping ratio and fixed cut-off frequencies
of the classical MCA, as well as the lack of consideration for
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the human vestibular model, are other drawbacks of classical
MCAs. Parrish et al. [18] introduced the first adaptive MCA.
The adaptive MCA for 2-DoF SBMPs using the gradient
descent optimization method, to extract the optimal coefficient
parameters of the filters based on the motion sensation error
and the position and velocity limitations of the SBMP, was
developed by Nehaoua et al. [17]. Pradipta and Sawodny [15]
introduced the actuator constrained MCA for a pneumatic
hexapod platform. They employed the online optimisation
method to find the best motion signals based on the current
position of the SBMP and the actuators’ limitations. Since their
method uses the online optimisation algorithm, there is a high
computational load for real-time applications. Ellensohn et al.
[14] used the direct kinematics model of the SBMP and the
prediction model of the motion signal to extract the best end-
effector configuration based on the position, velocity and
acceleration limitations of the actuators. Their model suffered
from high computational loads since the direct inverse
kinematics problem cannot be solved analytically, and the
prediction model increases the size of the matrices that should
be solved in real-time. The fuzzy logic controller is employed
to generate the motion signal taking into account the Cartesian
workspace limitations and human motion sensation errors by
Asadi et al. [13, 16]. Considering the workspace limits of
SBMP in the Cartesian system instead of the joints’ limitations
can reduce the efficiency of the method because of the
conservative use of the workspace area.

The CAD model and the closed kinematic chain of the
Stewart simulation platform can be seen in Fig. 1. The
limitations of the parallel SBMP end-effectors and its
corresponding joint space limits along the longitudinal channel
have also been shown in Table I.

All the previous studies on adaptive MCAs [13-18]
considered the limitations of the SBMP in the Cartesian system
instead of the joints’ limitations which lead to the conservative
use of the workspace area. Considering the active and passive
joints’ positions in adaptive MCA leads to the extensive use of
the mechanisms workspace and improves the fidelity for the
driver of the SBMP. The main contribution of this study is to
propose an adaptive fuzzy logic-based MCA to generate a
correction signal based on the SBMPs active and passive
joints’ limits and the human sensation error between the real
vehicle and driver of the SBMP. The online consideration of
the joints’ limits of the parallel SBMP eliminates the
conservative use of the workspace that leads to simulation
artefacts and motion sickness. As a result, the better usage of
the workspace leads to better generation of the high-pass and
low-pass motion signal with high fidelity for the SBMP user.

The inverse kinematics model of the parallel SBMP is
explained in Section II. The fuzzy logic-based adaptive MCA
is illustrated in Section III. Moreover, the simulation is
discussed in Section IV. The concluding comments are
discussed in Section V.

II.  INVERSE KINEMATICS MODEL OF THE PARALLEL SBMP

Inverse kinematics is the mathematical process of
calculating the joint parameters needed to position the SBMP
legs with a desired velocity and acceleration considering the

Fig. 1. (a): The CAD model of the parallel SBMP; (b): The kinematic chain
of the parallel SBMP.

current position, velocity, and acceleration of the platform.
Fig. 1 illustrates the kinematic chain of the Stewart simulation
platform manipulator.

The i leg’s length vector kinematic chain, L; can be
obtained as:
L; +b; =PCP + a; €))
in which a; is the " joint’s position vector on the upper
platform, and b; is the i joint’s position vector on the lower
platform.

Considering PCP as the platform position vector in the base
coordinate frame, a; can be obtained as:
a; = RPa; 2
in which Pa; is the i’ upper joint’s position vector with respect
to frame {P}.

The rotation matrix along XYZ, which relates the rotation
of {P} to {W} has been shown by R. the rotation matrix can
be obtained as:

cpcld cepsOsyY —spcyp cpsOcy + spsyp
R = [s¢pch spsOsy + chpcy s@psbcy — cpsy|, 3)
—s0 cOsy cOcy

in which ¢, 8, and Y respectively represent the roll, pitch, and
yaw angles of the platform along x, y and z directions. Also, ¢
and s are the abbreviations of cos and sin functions

respectively.
l;; is also the i leg’s length and can be obtained as:

L, =L 4)
Considering Eq. (4), Eq. (1) can be rewritten as:

I;n; = PCP + RPai—b; Q)

There are two different types of passive joints in the
structure of the Stewart simulation platform. The universal
passive joints connect the fixed platform (base) to the legs,
and the spherical passive joints attach the legs to the moving
platform of the Stewart simulation platform. The spherical
joints typically have higher angular limitations compared to
the universal joints. Therefore, the passive upper joints should
be extracted to be considered inside the adaptive MCA. The
angular displacement of the i upper passive joints, 3;, can be
found by taking the dot product between the normal vector of
the legs’ position and the normal vector of the Stewart
simulation platform’s position as follows:

ﬁi __ Dhybpcp; (6)
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TABLE I
THE WORKSPACE BOUNDARIES OF THE PARALLEL SBMP IN LONGITUDINAL

CHANNEL
Index Position Velocity Acceleration
I 0.5-1.4 (m) +1.5 (m/s) +2 (m/s?)
Bi +17 (deg) NA NA
X +0.45 (m) +1.3 (m/s) +3.3 (m/s?)
Pitch +10 (deg) +61 (deg/s) +600 (deg/s?)

m: meter; s: second; deg: degree.

where np¢p; are the spherical shell positions of the i joints
situated at the end-effector.

Considering the legs’ positions, velocities and
accelerations, as well as the angular displacements of the
passive upper joints, can enhance the ability of the proposed
algorithm to reproduce the more accurate movement signals
based on the position, velocity, and acceleration of the Stewart
simulation platform. The whole workspace area of the Stewart
simulation platform cannot be used efficiently due to the
conservative assumption of the workspace limitations in the
Cartesian dimension.

III. Fuzzy LOoGIC-BASED ADAPTIVE MCA

Considering the joints’ limits, the schematic structure of the
classical and proposed adaptive MCAs are shown in Fig. 2.
The driver’s action based on its vision generates the motion
signal including linear acceleration (a,),., and angular
velocity (é)veh signals which are the inputs of the MCA.

Fig. 2a illustrates the structure of the classical MCA, which
consists of a second-order low-pass and high-pass filters in the
translational and tilt coordination channels. Moreover, a first-

order high-pass filter is employed in the rotational channel as:

SZ

HPTranS = Sz+2€wns+wn2 (7)
— wn?
LPTrans - $2+28 wpS+wn? (8)
s
HPpot = 5™ ©)

where w,, and & are respectively the cut-off frequency and
damping ratio of the mentioned filters. The classical MCA
does not consider the physical limits of SBMP, and it should
be tuned based on the worst-case scenario to keep the driver
within the workspace. It also ignores the human vestibular
model when regenerating the motion signals.

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 motions. This
system is composed of the otolith organ and semicircular
canals to sense the translational and rotational motion signals.

The best transfer function models to represent the human
vestibular system are [30-32]:

f_ (Tgs+1)

£ Koro ((TL5+1)(TSS+1)) (10)
[C . T1TpS?

o ((‘L’b5+1)(‘t1$+1)) (1 1)

where f and & are respectively the sensed specific force and
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Fig. 2. The schematic structure of MCAs for longitudinal channel (a): the
classical MCA; (b): the proposed fuzzy logic-based adaptive MCA.

sensed angular velocity, f and w are also the applied specific
force and applied angular velocity, Kyrp =04 , 1, =
13.2(s), to, =0.016 (s), 7, =13.2(s), 1, =30(s) and
7, = 5.3 (5) in the longitudinal channel.

Fig. 2b presents the structure of the proposed adaptive
MCA using the fuzzy logic controller to generate the
compensation motion signal in three channels: rotational,
translational and tilt coordination channels. There are two
fuzzy logic units in the longitudinal channel. The inputs of the
fuzzy logic units are the motion sensation error between the
real-world vehicle driver and SBMP driver as well as the
maximum displacement of the joints divided into its angular
and linear displacement limits. The inverse kinematic model
extracts the linear positions of active joints and angular
positions of the passive joints and splits them into their
corresponding maximum linear and angular displacements.
The highest displaced joint should be implemented in the
fuzzy unit as it is the critical joints to reach the limitations
between six joints. The vestibular model also calculates the
error of the motion feeling online based on the generated
motion via the MCA. According to Fig. 2b, the fuzzy units
generates three fuzzy control signals including Al, A2, and
A3 based on the motion feeling error considering the user of
the SBMP and the maximum linear and angular displacement
of the active and passive joints, respectively. The fuzzy
control signals Al and A2 are respectively implemented into
the translational and tilt coordination channels. They have



been employed to generate more accurate high- and low-pass
sustainable acceleration motion signals, based on the current
situation of SBMP, reducing the specific force error sensed by
the SBMP driver. The fuzzy control signal A3 is added to the
rotational channel of the MCA to reduce the sensed angular
velocity error.

A. Fuzzy Logic Control Unit

The structure of the fuzzy logic controller for the
translational and rotational channels of the longitudinal
direction of the MCA has been shown in Fig. 3. The inputs of
the translational fuzzy logic unit are the specific force error
sensed by the SBMP driver and the maximum displacement of
the joints. The first input should be normalised with the
otolith threshold, which is 0.17 (m/s*) along the longitudinal
channel, before inputting it into the fuzzy unit. The second
input of the fuzzy translational unit has already been
normalised as it has been divided by the angular displacement
limits of the joints. The fuzzy scale block is also employed to
increase the efficiency of the fuzzy logic controller, and it
should be tuned based on the joints’ limitation of the parallel
SBMP. To separate the high- and low-pass frequency parts of
the motion signal, there is a high-pass filter unit in the
translational fuzzy logic channel. The high-pass frequency
part of the generated fuzzy control (4;) is added to the
translational channel of the MCA to use the linear workspace
area of the parallel SBMP more efficiently. The low-pass
frequency part of the fuzzy control signal is also divided by
gravity and added to the channel of tilt coordination. This
reduces the error of the sensed specific force. Fig. 3b
represents the structure of the rotational fuzzy block
controller. The rotational fuzzy controller inputs are the error
of sensed angular velocity by the user of the SBMP and the
maximum displacement of the joints, same as the second input
of the translational fuzzy logic controller. The second input
has already been normalised; however, the first input should
be normalised by diving by the semicircular threshold which
is 3 (deg/s) in this study. The generated fuzzy control signal is
scaled based on the workspace limitation of the parallel SBMP
and filtered using a high-pass filter to keep the angular
displacement of the driver inside the limitations.

B. Membership Function and Rule

It is not possible to sense the quantity of the motion
sensation via the human vestibular system. The fuzzy logic
controller, on the other hand, can be employed to process the
features of the human vestibular system model. Indeed, the
vestibular system is capable of sensing the motion sensation in
various channels including longitudinal, lateral, heave and
yaw. As a result, the motion sensation error for the angular
velocity and linear acceleration signals between the real driver
and the SBMP driver can be categorised in five groups which
are large negative, negative, zero, positive, and large positive.
The angular positions of the joints can be extracted using the
inverse kinematics model in Section II. They are divided into
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Fig. 3. The structure of the proposed adaptive MCA (a): translational fuzzy
logic controller; (b): rotational fuzzy logic controller.
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Fig. 4. (a): Membership function of the linear motion sensation error; (b):
Membership function of the angular motion sensation error; (c): Membership
function of the maximum position limitations of joints; (d): Membership
function of the fuzzy output control.

the angular limitations, and the maximum extracted value is
employed as the second input of the fuzzy units in
translational and rotational channels. It has been split into five
different ranges as large near, near, medium, far and large far.

Fig. 4 shows the membership functions of the fuzzy logic
controller for the fuzzy logic-based adaptive MCA using
joints’ limitations. Figs. 5a and 5b illustrate the membership
functions of the fuzzy control output, translation motion
sensation error, and rotational motion sensation error,
respectively.

There is a big difference between the input membership
functions of the rotational and translational motion sensation
error (that is the dead zone in the structure of the rotational
sensation error membership function). It has been defined to
modify the error of the sensed angular velocity on the human
semicircular threshold, while the translational motion
sensation error membership function is developed to reduce
the translational motion sensation error, continuously. Fig. 4c
shows the membership function of the second input of the
fuzzy logic controller known as the maximum displacement of
the parallel SBMP’s actuators and passive joints. Fig. 4d
represents the membership function of the fuzzy control
output which is divided into nine groups known as 4-times
negative, 3-times negative, 2-times negative, 1-times negative,
zero, 1-times positive, 2-times positive, 3-times positive and
4-times positive. These membership functions are designed
based on the trial-and-error and the knowledge of the system
to reach the goal, which is the reduction of motion sensation
error between the real and SBMP drivers. Among the
trapezoidal, triangular, sigmoid, and Gaussian membership
function, the triangular membership function is chosen in this
study because of the light computational burden, loading a



TABLE II
Fuzzy CONTROL RULES FOR LINEAR DISPLACEMENT WEIGHT PARAMETER
TUNING
e,
We LN N Y4 P LP
LN 4N 3N Z 3P 4P
max(6,) N 3N 2N Z 2P 3p
— M 2N IN z 1P 2P
limitation{6;} F IN 7 7 7 P
LF Z Z Z Z Z

LN: large negative and large near; N: negative and near; Z: zero; P: positive;
LP: large positive; M: middle and medium; F: far; LF: large far; IN: 1-times
negative; 2N: 2times-negative; 3N: 3-times negative; 4N: 4-times negative;
1P: 1-times positive; 2P: 2-times positive; 3P: 3-times positive; 4P: 4-times
positive.

small amount of data, simple definition using the asymmetric
form.

The rules of the fuzzy logic controller are shown in Table
II, which are the Mamdani type fuzzy. According to Table II,
the translational human sensation error and the joints angular
position are inputs. The control outputs generate the right
selection of the fuzzy rules. For instance, if the error of the
sensed specific force between the SBMP and real driver is
very positive, and the maximum angular position of the joints
is close to limits, the fuzzy unit will not generate the
correction motion signal with respect to the joints limits. The
sensed angular velocity error or sensed specific force error
change the output when joints are close to the neutral position.

IV. RESULT AND DISCUSSION

The classical MCA [33], previous adaptive MCA with
consideration of the parallel SBMP workspace limitation in
the Cartesian system introduced by Asadi et al. [13, 16] and
the newly proposed adaptive MCA in Section III are modelled
using MATLAB software. Also, the parallel SBMP is
developed using SimMechanics environment of MATLAB
software to consider the dynamical and physical limitations of
the joints. The SimMechanic model increases the capability of
the model by producing more realistic results. It should be
mentioned that the same scale factor is employed for three
MCAs (1/5 and 1/2 for translational and rotational motion
signal, respectively) to reach a fair evaluation of them [34,
351

The simulation platform known as Rigs of Rods (RoR) has
been employed to generate the angular velocity and linear
acceleration motion signals for 140 (s) as shown in Fig 5
which is the comprehensive motion scenario including sudden
acceleration, tuming the steering wheel, deceleration and
braking.

Fig 6.a presents the rotational motion sensation for the user
of the real vehicle and SBMP users using the classical,
previous adaptive and proposed adaptive MCAs during 40 to
65 seconds motion scenario. The correlation coefficient can be
employed to compare the shape similarity of two signal, which
is introduced by Asadi et al. [1]. The CC varies between -1
and 1, and the higher value of CC means more similarity
between the shapes of the two signals. The shape similarity of
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Fig. 5. The reference signal (real vehicle motions): (a) linear acceleration; (b)
angular velocity.
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Fig. 6. (a): The rotational motion sensation; (b): The translational motion
sensation, for the driver of the real vehicle and SBMP using the classical,
pervious adaptive and proposed MCAs along x-axis.

the rotational motion sensation using proposed adaptive MCA
enhances 0.68 and 0.1 percent compared with classical and
pervious adaptive MCAs because of the generated motion
compensation signal based on the real-time consideration of



TABLE III
THE PERFORMANCE INDEXES OF THE PROPOSED ADAPTIVE, PREVIOUS
ADAPTIVE AND CLASSICAL MCAS

SSF along SAV along

Index

x-axis___ pitch-angle
Root Mean Classical MCA 0.6602 0.0303
Square Error Previous Adaptive MCA  0.4929 0.0299
Proposed Adaptive MCA 0.3649 0.0296
Correlation Classical MCA 03497 0.8937
Cocfficient | Previous Adaptive MCA  0.7703  0.9003
Proposed Adaptive MCA 0.8725 0.9013

SSF: Sensed specific force along x-axis; SAV: Sensed angular velocity

the motion sensation error and joints limitations including
active and passive joints of hexapod SBMP. Fig. 6.b also
represents the translational motion sensation for the real
vehicle driver and the user of the parallel SBMP obtained by
classical, previous adaptive and newly proposed adaptive
MCAs during 40 to 65 seconds motion scenario. The better
shape similarity of the translational motion sensation using the
new proposed adaptive MCA is evident as the CC of the
newly proposed adaptive MCA improves from 0.3947 and
0.7703 to 0.8725 better than classical and previous adaptive
MCA along the x-axis, respectively. The proposed fuzzy
logic-based adaptive MCA can consider the limits of the joints
and use the workspace area wisely compared to the classical
and previous adaptive MCAs. The insufficient usage of the
workspace leads to the generation of false motion cues, which
are the main reason for motion artefacts and motion sickness
of the SBMP driver. The shape similarity factors of the
rotational and translational motion sensation using three
investigated methods are presented in the third column of
table II1.

Traditionally, root means square error (RMSE) is employed
to validate the MCAs. Lower RMSE means the highly
efficient motion cues for the SBMP user compared with real
driver. The human semicircular canals cannot sense the
angular velocity under the human rotational motion sensation
threshold unit. The maximum sensed angular velocity error
between the real vehicle and SBMP drivers is of importance to
tune the investigated methods not to violate the human
rotational motion sensation threshold unit. Fig. 7.a illustrates
the rotational motion sensation error between the user of the
real vehicle and SBMP using classical, previous adaptive and
proposed adaptive MCAs along pitch-angle during 40 to 65
seconds motion scenario. It should be noted that the rotational
motion sensation error using three investigated methods are
under the human rotational motion sensation threshold unit
using three methods. Also, the RMSE of the rotational motion
sensation using proposed adaptive MCA decreases 2.31 and
1.00 percent compared with classical and previous adaptive
MCAs. In addition, Fig. 7.b presents the motion sensation
error along x-axis for the user of SBMP compared with real
vehicle using three methods during 40 to 65 seconds motion
scenario. The RMSE of the longitudinal motion sensation is
0.6602, 0.4929 and 0.3649 (m/s2) using classical, previous
adaptive and proposed adaptive MCAs. Then, the proposed
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Fig. 7. (a): The rotational motion sensation error; (b): The translational
motion sensation error, between the driver of the real vehicle and SBMP
using the classical, pervious adaptive and proposed MCAs along x-axis.
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Fig. 8. (a): Linear displacement of the parallel SBMP using classical,

previous adaptive and proposed adaptive MCAs along x-axis; (b): Angular
displacement of the parallel SBMP using classical, previous adaptive and
proposed adaptive MCAs along pitch-angle.

adaptive MCA decreases the longitudinal motion sensation
error 44.72 and 25.97 percent compared with classical and
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pervious adaptive MCAs. It should be noted that the
improvement of the translational motion sensation is
important because it does not cause the reduction in the
rotational motion sensation. Table III shows the performance
indexes of the classical, previous adaptive and proposed
adaptive MCAs to prove the advantages of the proposed
method with consideration of the inverse kinematic problem.

The angular and linear displacements of the driver obtained
by classical, pervious adaptive and proposed adaptive MCAs
are respectively shown in Fig. 8.a-b, respectively for duration
of 65 seconds motion scenario. The Proposed adaptive MCA
consider the actuators and passive joints’ limitations, then it
can use the workspace area more wisely compared with
classical and previous adaptive MCAs. The proposed fuzzy
logic-based adaptive MCA can use the rotational motion of
the cockpit better than the classical and previous adaptive
MCAs to produce more accurate sustainable low-frequency
linear acceleration signal. Also, the rotational fuzzy logic
controller is able to consider the rotational motion sensation
error, respecting with it the human rotational motion sensation
threshold, generating accurate rotational motion signals. Fig. 9
shows the legs length obtained by classical, pervious adaptive
and proposed adaptive MCAs. Fig. 9c presents that the
proposed adaptive MCA uses the actuators position limitations
better than the classical and previous adaptive MCAs as they
do not consider the joints’ limits. Therefore, the classical and
previous adaptive MCAs should be tuned conservatively.

The obtained results prove that the fuzzy logic-based
adaptive MCA is efficient enough compared with classical and
previous adaptive MCA. It can be used with for different
mechanisms, if their inverse kinematic model is adequately

developed. The better regeneration of the high-pass and low-
pass frequency motion signals is the key to the improvement
using the proposed method.

V. CONCLUSION

In this study, a fuzzy logic-based adaptive MCA was
proposed to consider the actuators and passive joints limits of
the Stewart platform parallel-based SBMP to generate the
intact driving movement sensation. The classical MCA cannot
consider the joint limits of the SBMP in a Cartesian
workspace, and it should be tuned according to the worst-case
scenario to respect the workspace limits of the parallel SBMP.
Moreover, the existing adaptive MCAs consider the physical
limits of SBMP in the Cartesian system of the end-effector,
while the physical limits of the joints are the main reason for
the workspace limitation of the parallel SBMP. Considering
the parallel SBMP limitations in the Cartesian system leads to
the reduced usage of the workspace area, and it causes the
regeneration of the wrong motion cues and artefacts. The
objective of this paper was to better use of the parallel SBMP
workspace area without any conservative usage. The inverse
kinematics model of the parallel SBMP was studied to be
considered in the proposed adaptive MCA. In addition, the
fuzzy logic controller was employed to generate the
compensation motion signal in translational and rotational
channels. The fuzzy logic unit monitors the physical
limitations of the joints as well as the motion sensation error
and regenerates the suitable motion signal based on the current
situation of the parallel SBMP. Triangular membership
functions were employed because of their fast response and
simplicity. The model was designed using MATL AB software
and compared with classical and previous adaptive MCAs.
The better usage of the workspace with respect to the joints’
limitations was recorded using the proposed fuzzy logic-based
adaptive MCA and compared to the classical and previous
adaptive MCAs. In future studies, the dynamical behaviour of
the SBMP will be considered by developing a new adaptive
MCA to generate more accurate motion cues based on the
dynamical limitation of the mechanism, such as actuators. In
the future study, the dynamical behaviour of the SBMP will be
considered in developing the new adaptive MCA to generate
the more accurate motion cues based on the dynamical
limitation of the mechanism such as actuators. Also, neural
networks and deep learning [36-41] can be employed to in a
new generation of the adaptive MCAs.
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