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Design and Optimization of a Control Framework for Robot Assisted Additive Manufacturing Based on the Stewart Platform
Tariku Sinshaw Tamir  , Gang Xiong  , Xisong Dong  , Qihang Fang, Sheng Liu, Ehtisham Lodhi,
Zhen Shen*  , and Fei-Yue Wang 
Abstract: Additive manufacturing, also known as 3D printing, is an emerging technology. The existing additive
manufacturing technologies deploy 3-axis printing mechanism where the material accumulation grows only in the
z-direction. This results in limited printing freedom. Apart from this, support structures are needed to print overhang
structures. Removal of these support mechanism ultimately reduces print quality. This paper proposes a novel robotassisted additive manufacturing along with a control system framework, which possesses multi-directional printing
without support structures. Taking the advantage of its high stiffness and high payload-to-weight ratio, a 6-degree of
freedom Stewart platform manipulator is designed to substitute the printer build plate. The kinematics and dynamics
of the manipulator is formulated. Then, an extended proportion-derivation sliding mode controller is designed for
trajectory tracking. The modified grey wolf optimization algorithm is applied to compute the optimal controller
parameters. The integral absolute error (IAE) is used as a cost function and its global minimum value is reached
in the iteration interval [75,100]. The analytical model simulation in MATLAB is run for 10 seconds, and the
results show that the desired length trajectories of the six legs of the manipulator are achieved after 3.5 seconds.
The performance of the analytical model is verified on the automated dynamic analysis of mechanical systems
(ADAMS).
Keywords: Additive manufacturing, Extended proportion-derivation sliding mode controller, Grey wolf optimization, Print quality, Stewart platform.

1.

INTRODUCTION

Additive manufacturing (AM) refers to building up
components with layer-by-layer material deposition techniques. At its infancy, AM is developed in the name
of rapid prototyping which is used to define anatomical and architectural production models [1, 2]. It is then
moved into another technology called rapid tooling that allows production of tools such as thermoforming, injection
molding and blow molding [3]. In its recent development,

AM deals with rapid manufacturing that can fabricate and
realize fully functional items [4].
The slicing strategy most widely used in AM is planar slicing. It slices the print-object by a group of parallel planes in a number of layers. However, planar slicing
mostly uses support structures to build parts with overhang
structures. The use of support structures leads to material
wastage and an increase in manufacturing time. Besides, it
causes damage to the surface of the object during material
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removing stage. This reduces the quality and mechanical
strength of an object. This issue can be overcome using
robotic additive manufacturing (RAM) that combines industrial robots with 3D printing. An extra degree of freedom of industrial robots makes RAM to have superior feature for producing curved parts and overhang structures
without support structures. RAM has the following advantages [5]. 1) It enhances mechanical strength by enabling
multi-directional material deposition, 2) it is used to print
composites with the right fiber orientation, 3) it reduces
printing time, and 4) it is used to repair complex parts.
3D printing and industrial robots can be combined in
two ways [6]. The first way is to install a material deposition head into a robotic arm. In this case, the robotic manipulator is fully functioned as a commercial 3D printer.
The second way is to create an integrated solution where
3D printing at various production stages can be assisted
via robots. The assisting mechanism can be achieved in
the following ways. 1) Industrial robots can automate the
manual process of replacing a printer build plate, 2) postprocessing 3D-printed parts can also be automated with
the help of robotics, and 3) an industrial robot can be designed to have a 6 degree of freedom (DOF) motion which
can act as a printer build plate.
Most of the existing AM technologies use 3-axis printing technique, which results in limited printing freedom.
Few RAM configurations, on the other hand, equip serial
robotic arm with a material deposition extruder. In such
case, it is possible to produce an object through a multidirectional printing mechanism. Beyond the existing serial manipulator-based RAM industry, it is also wise to
extend the concept to parallel manipulators. Unlike serial
manipulators, parallel manipulators are built with closed
kinematic chain in which the payload is shared with all the
chains. Their supercilious architecture gives high stiffness,
high positioning accuracy, high speeds, and high payloadto-weight ratio over the serial one [7]. The Stewart platform, which is the most popular parallel manipulator, is
proposed by Stewart in 1965 as a flight simulator [8].
In this study, a special type of RAM configuration is
proposed. A 6-DOF Stewart platform manipulator that can
substitute the printer build plate is designed. With this configuration, the manipulator assists the 3D printer extruder
by moving the print object in desired position and orientation. To the best of our knowledge, Stewart platform has
never been used in assisting 3D printing. Our paper combines an extended proportion-derivation sliding mode controller (EPDSMC) framework and grey wolf optimization
(GWO) algorithm for Stewart-platform-assisted additive
manufacturing. The EPDSMC is composed of two types
of control schemes, namely, proportion-derivation (PD)
controller and sliding mode controller (SMC). Uncertainties and external disturbances affect the robustness of PD
control approach, but SMC is known to be robust against
those factors. Combining PD and SMC removes each of

the controller’s disadvantages. Various types of advanced
control methods are used in different engineering applications, such as neural network-based controller [9], deep
belief network-based controller [10], adaptive fuzzy control [11] and adaptive sliding mode PID controller [12].
The PD control scheme and SMC are combined to be applied into our system. Xuan and Bae [13] reviewed and
proved the effectiveness of sliding mode approach to control robotic manipulators. Similarly, Rahmani et al. [14]
used SMC algorithm for controlling a 2-DOF robot manipulator. The GWO algorithm is firstly introduced by
Mirjalili et al. [15]. This algorithm is a kind of metaheuristic optimizing technique that mimics the group of
grey wolves living together and having a special hunting
behaviour in nature. Mirjalili and his co-workers benchmarked 29 well known test functions and they report that
the GWO algorithm is able to provide very competitive
results compared to the other meta-heuristic optimization
techniques. Similarly, Sen and Kalyoncu [16] compared
GWO with other optimization techniques, such as genetic
algorithm and particle swarm optimization, and the results
verify that the GWO algorithm has superior performance
over the other two algorithms in terms of fast convergence
rate. In Han [17], GWO technique is also applied to optimize the robotic manipulator parameters and controller
gains. Moreover, Kamalova et al. [18] magnified the optimization capability of GWO to calculate the global waypoints of the frontier line in the robot exploration problem.
The rest of the paper elucidates the state of the art on
methods for assuring the quality and mechanical strength
of printed parts, then we propose a new RAM configuration. Section 2 introduces the researchers’ perspectives on
multi-directional 3D printing methods. Section 3 presents
modelling of Stewart-platform-assisted AM. Section 4 designs a control framework and optimization algorithm for
the Stewart-platform-assisted AM. Section 5 outlines simulation results and discussions, followed by conclusions
and future work in Section 6.
2.

RELATED WORK

To assure mechanical strength and quality of the 3Dprinted parts, various types of multi-directional printing
techniques are reported in the literature. The following
paragraphs give a detailed review on non-planar slicing methods and RAM techniques guaranteeing multidirectional 3D printing.
Chakraborty et al. [19] proposed a system that adopts
curved layer accumulation of material instead of traditional flat layers in fused deposition modeling (FDM). A
decomposition-regrouping method that implements multidimensional slicing of the computer aided design model
is also reported [20]. Their work decomposed the part
into sub-volumes using curvature-based decomposition
technique and finally the depth tree structure is used to
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merge them for slicing. Similarly, Zhao et al. [21] presented transformation-based cylinder surface slicing and
decomposition-based curved surface slicing approaches.
For the former approach, the cylinder surface is extracted
from the mesh model and transformed to a planar based
model. After transformation, planar slicing and toolpath
generation is done, followed by the inverse transformation of toolpaths into curved paths in 3D space. For the
latter approach, The standard for the exchange of product data (STEP) model of the part is decomposed into
different sub-volumes. Then, curved surface slicing and
five-axis toolpath is generated for each decomposed volume. Pelzer and Hopmann [22] proposed a variable layer
height-based non-planar slicing method to improve the
mechanical properties of printed parts in the z-direction.
Their work has the capability to eliminate the staircase effect.
Joris Laarman [23] used a 6-DOF industrial robot to
deposit materials along a pre-defined toolpath. Evjemo et
al. [24] also proposed a concept of industrial robot manipulator as a means for 3D printing. In their work, two
algorithms, trajectory planning and end effector translation control, are outlined. Similarly, Shembekar et al. [25]
presented a non-planar trajectory planning algorithm for
6-DOF robotic 3D printing. The proposed algorithm selects trajectory parameters and avoids collision with printing surface and also satisfies robot constraints. Isa and Lazoglu [26] used delta robot to develop a 5-axis printing
mechanism that can print curved parts. Furthermore, Yuan
et al. [27] proposed a multi-directional wire arc additive
manufacturing (WAAM) system to additively manufacture metal components using robotic gas metal arc welding. Various 3D printing error compensation frameworks
for enhancing print quality are also reported in [28–31].
We explored two ideas from the aforementioned literatures. 1) Non-planar 3D printing, and 2) robotic additive manufacturing. Having this knowledge, our study proposes a control framework and optimization algorithm for
Stewart-platform-assisted AM. Moreover, automated dynamic analysis of mechanical systems (ADAMS) model
is used to virtually model and verify the analytical model
of Stewart mechanism and MATLAB/Simulink is used for
simulation.

upper and lower legs. Thus, the leg-lengths are variable
and they can be controlled separately to perform the motion of the moving platform.
The general interconnection of Stewart-platformassisted 3D printing is shown in Fig. 1. It contains a
3D printing extruder system, a support bar, and Stewart
platform components. The Stewart platform in this configuration is used to generate six axis motion of the print
plate to the extruder. The six motion of freedoms are the
translational and rotational motions along the x, y and z
axes. With these motions, it is guaranteed that any part of
the print object can be exposed to the print head to achieve
printing on its surface. Most importantly, this configuration enables 3D printing onto the existing objects. Fig. 2
shows the pose of the upper plate of Stewart platform
during the printing process. The cylinder mounted on the
plate is subjected to rotate to make print on its surface.
Thus, it can be said that the proposed system is a viable
solution to repair objects as well as to do decoration on
their surface.

3.2.

Inverse kinematics

Robot kinematics describes how the motion of the joints
of a robot are related to the motion of the rigid bodies that
make up the robot. To formulate Stewart platform kinematics, we need to have rotation matrix and position vector [32]. The rotation of moving plate (T ) with respect to
base plate (B) is represented by a rotation matrix, TB R, expressed in (1). The rotation matrix is computed by multiplying the three rotation matrices, rotation about x-axis,
Rx (α), rotation about y-axis, Ry (β ), and rotation about z-

3. FRAMEWORK OF
STEWART-PLATFORM-ASSISTED ADDITIVE
MANUFACTURING
3.1. System design
The configuration of Stewart platform consists of a rigid
moving plate connected to a fixed base plate through six
legs. These legs have independent kinematics and identical chains that couple the moveable upper plate and the
fixed lower plate by spherical joints. Each leg contains a
DC-motor that gives a translational motion between the

3

Fig. 1. Stewart-platform-assisted 3D printing

Tariku Sinshaw Tamir, Gang Xiong, Xisong Dong, Qihang Fang, Sheng Liu, E. Lodhi, Zhen Shen and Fei-Yue Wang

4

by θ p as shown in Fig. 3(b). Similarly, the angle between
points (B1 and B2 , B3 and B4 , B5 and B6 ) is denoted by
θb as shown in Fig. 3(c). The ith attachment points on the
moving plate and on the base plate are expressed as (3)
and (4) respectively:
Fig. 2. The pose of upper plate during printing: up-right
position (left), rotation about x-axis with θ1 (middle) and with θ2 (right)



 

Txi
R p cos(λi )
Ti =  Tyi  =  R p sin(λi )  ,
T
0
 iπzi θ p
3 − 2 , i = 1, 3, 5,
λi =
λi−1 + θ p , i = 2, 4, 6.

(3)

axis, Rz (γ).


T
BR

=
Rz (γ) Ry (β ) Rx (α)
cβ cγ cγsαsβ − cαsγ
cαcγ + sαsβ
=  cβ sγ
−sβ
cβ sα


sαsγ + cαcγsβ
,
sγcαsβ sγ − cγsα 
cαcβ
(1)

where, cα = cos(α), cβ = cos(β ), cγ = cos(γ), sα =
sin(α), sβ = sin(β ), sγ = sin(γ), and, α, β and γ denotes
roll, pitch and yaw motions respectively.
The position vector is expressed as:

P=



px

py

pz

T

,


 
Bxi
Rb cos (vi )
Bi =  Byi  =  Rb sin (vi )  ,
0
zi
 B
θb
iπ
−
,
i
=
1,
3, 5,
3
2
vi =
vi−1 + θb , i = 2, 4, 6.

Inverse kinematics equation determines the leg-length
of the link of the manipulator given rotation matrix, position vector, and attachment points on the base and moving
plate. It is expressed in (5), and schematically shown in
Fig. 4.

(2)

where px , py and pz denote surge, sway and heave motions
respectively.
Coordinates and attachment points are shown in
Fig. 3(a). The two coordinate systems (Bxyz ) and (Txyz )
are attached to the center of the fixed base and the moving
platform, respectively. Bi and Ti are attachment points on
the base and the moving plate respectively. The angle between points (T2 and T3 , T4 and T5 , T1 and T6 ) is denoted

Fig. 3. (a) Coordinates and attachment points, (b) angle
notation on the moving plate, (c) angle notation on
the base plate

(4)

Li = TB RTi + P − Bi , i = 1, . . . , 6.

3.3.

(5)

Analytical model

In this section, the dynamic equation of Stewart platform manipulator is presented. Prior to control system design, it is necessary to have a mathematical model that
represents the dynamics of a system [33]. The EulerLagrange method is applied to formulate the dynamics of
Stewart platform. Euler-Lagrange method is the best way
to model systems having the property of energy dissipation and transformation [34]. The general Euler-Lagrange

Fig. 4. Determination of the leg-length
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equation can be expressed as:

d δL δL
−
=
dt δ q̇ δ q

"

d δ K(q,q̇)
dt ( δ q̇ )−
δ K(q,q̇)
+ δ P(q)
δq
δq

5

torque equation can be expressed as (12), and its Laplace
transform is shown in (13).
#
= τ,

(6)

Jm

dω
+ bm ω + τL = τm , τm = kT Ia ,
dt

(12)

where the Lagrange function L is given by:
L = K(q, q̇) − P(q),


(7)

where K(q, q̇) and P(q) are the kinetic energy and the potential energy, respectively. Computing (6) and (7), the dynamics of Stewart platform can be written as [35, 36]:

M(q)q̈ +V (q, q̇)q̇ + G(q) = f ,

(8)

where M(q), V (q, q̇), and G(q) represent inertia matrix,
Coriolis/centrifugal vector, and gravity matrix, respectively. Additionally, f = ( f1 , f2 , f3 , f4 , f5 , f6 ) are the actuator forces applied on each leg of the manipulator. And
also q is the generalized coordinates. (8) can be rewritten
as:
q̈ = −M −1 (q)V (q, q̇)q̇ − M −1 (q)G(q) + M −1 (q) f . (9)
The Stewart platform leg system is composed of DC
motor along with ball screw and coupling elements. The
electrical circuit of the DC motor [37, 38] is shown in
Fig. 5.
The voltage loop equation is given as (10), and its
Laplace transform is shown in (11).

Jm sω + bm ω + τL = kT I
T I−τL
≡ ω = kJs+b
m


,

(13)

where Jm is rotor inertia, bm is the viscous friction coefficient, τl is the load torque (Nm), τm is the motor torque
(Nm), and kT is torque constant. The combination of platform dynamics with actuator dynamics can be rewritten in
Cartesian coordinates (x) as:

M (x) ẍ +V (x, ẋ) ẋ + G (x) = τm .

(14)

The two coordinate systems can be related through the
Jacobian matrix (J) as:
q̇ = J ẋ,

(15)

where the Cartesian coordinates (x) stands for position and
orientation of the upper platform, whereas the generalized
coordinates (q) stands for the leg-lengths of the Stewart
platform. The complete dynamics of the Stewart platform
is shown in Fig. 6.

where La is the armature inductance, Ia is the armature
current, Ra is the armature resistance, Va is the armature
voltage, Em is the reverse EMF, kb is the reverse EMF
constant, and ω is the angular speed. Moreover, the motor

3.4. ADAMS model
ADAMS is a multi-dynamics simulation solution that
is used to study the loads and forces distributions and
the overall dynamics of the mechanical system [39]. In
the previous section, the analytical model of Stewart platform is discussed. In that case, the overall dynamics of
the system is computed analytically, whereas this section
presents ADAMS model to verify the performance of the
proposed control algorithm in the real system. The control
framework of mechanical system can be achieved by combining ADAMS model with control system designed in
MATLAB. The four-step process to combine the ADAMS
model with MATLAB control is shown in Fig. 7. The first
step is to build ADAMS model that includes all necessary
geometry, constraints, forces, and measures. The second

Fig. 5. DC motor circuit diagram

Fig. 6. Analytical model of the system

La

dia
+ Ra Ia = Va − Em , Em = kb ω
dt

Ia =

Va − kb ω
,
Ra + La s

(10)

(11)
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the sliding surface can be expressed as:

−M −1 (q)V (q, q̇) q̇−
,
ṡ (t) = k p ė (t) + kd  M −1 (q) G (q) +
−1
M (q) ueq (t) − q̈d


where qd is the desired trajectory. By equating (17) to
zero, the equivalent control law ueq (t) can be derived as:

Fig. 7. ADAMS/control modeling steps

step is to identify the ADAMS inputs and outputs and export to MATLAB workspace. The third step is to build a
control system in MATLAB. The fourth step is to simulate
the model in MATLAB.
The ADAMS model of Stewart platform is shown in
Fig. 8. The figure is composed of geometric links (six links
for the base platform, six links for the upper platform, six
links for the upper legs, and six links for the lower legs),
connectors (six spherical joints to connect lower legs and
base platform, six spherical joints to connect upper legs
and the upper platform, and six prismatic joints to connect
lower legs and upper legs), forces (the forces generated
by the six prismatic joints), and sensors (six sensors in
each of the legs). The final setup of the ADAMS model
and control system is presented in MATLAB/Simulink as
shown in Fig. 9.
4.

CONTROL SYSTEM DESIGN AND
OPTIMIZATION

4.1. Extended sliding mode control
In this section, an extended proportion-derivation sliding mode controller (EPDSMC) is designed to achieve
good tracking performance and fast convergence of the
states of the system to the origin in a finite time. The sliding surface of EPDSMC is defined as:

s(t) = k p e(t) + kd

d
e(t),
dt

(17)

(16)

where k p is a 6×6 positive definite proportional gain matrix, kd is a 6×6 positive definite derivative gain matrix,
and e(t) is a 6×1 tracking error matrix of Stewart platform. SMC is used to force the tracking error to approach
to the sliding surface and move to the origin. Therefore, to
die out the error asymptotically, the chosen sliding surface
need to be stable. Meaning, lim e(t) = 0.
t→∞

EPDSMC has two components, namely equivalent control law and reaching control law. Their sum constitutes
the final control law that drive the system. The equivalent
control law can be computed using invariance condition.
The invariance condition states that the first time derivative of the sliding surface is zero. The time derivative of

ueq (t) = (kd M −1 (q))−1 [−k p ė(t)+
kd M −1 (q)V (q, q̇)q̇ + kd M −1 (q)G(q) + kd q̈d ].

(18)

However, if the system is subjected to unknown external disturbances, parasitic or unmolded dynamics, and
system parameter variations, the equivalent control law
cannot be enough to guarantee the desired control performance. Therefore, an auxiliary control law termed as
reaching control law must be introduced. To derive the
reaching control law us (t), let us consider Lyapunov function [40–42]:
1
V (t) = sT (t)s(t).
2

(19)

(19) is governed with V (0) = 0 and V (t) > 0 for s (t) 6=
0. Lyapunov’s direct method is considered as a sufficient
condition to assure the translation of trajectory tracking
error from reaching phase to sliding phase. It is also called
reachability condition which is defined as:
V̇ (t) = sT (t)ṡ(t) < 0, s(t) 6= 0.

(20)

To compute the reaching control law, (20) can be redefined as:
sT ṡ = sT (k p ė + kd ë)
= sT (k
 p ė + kd (q̈ − q̈d ))

−M −1V q̇ − M −1 G+
= sT k p ė + kd
M −1 (ueq (t) + us (t)) − q̈d 

k p ė − kd M −1V q̇ − kd M −1 G+
.
= sT
kd M −1 ueq (t) + kd M −1 us (t) − kd q̈d
(21)
Substituting (18) into (21) generates:




sT ṡ = sT +kd M −1 us (t) ≤ sT +kd M −1 us (t) . (22)
To guarantee (22) is less than zero, we can choose the
reaching control law as:

us (t) = Ks sign (s (t)) ,

(23)
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Fig. 8. ADAMS model of the system

Fig. 9. ADAMS model and control framework

where Ks is the n-dimensional reaching control gain represented by Ks = diag (Ks1 , Ks2 , ..., Ksn ).
Clearly, augmenting the equivalent control law ueq (t)
by adding the reaching control law us (t) will satisfy the
reachability condition, and we can reach at the final derived sliding mode control law as in (24), which can be
also illustrated in Fig. 10.
u (t) = ueq (t) + us (t) .

(24)

4.2. Grey wolf optimization
GWO algorithm is used to determine the optimal values of the three controller parameters k p , kd , and ks . This
algorithm is a kind of meta-heuristic optimization method
in which the inspiration comes from the social hierarchy

of the grey wolves [15]. Grey wolves mostly live together
in a pack and possess hunting and eating in their hierarchical order. On the top of the hierarchy is called alpha
(α) wolf which leads the pack and gives decisions about
sleeping, time to walk, hunting, and so on. Whereas, the
second level in the hierarchy is beta (β ) wolf, which helps
α wolf in decision making. The lowest level in the hierarchy is omega (ω) wolf. The other category of wolf that
is neither α wolf, β wolf, nor ω wolf is called delta (δ )
wolf.
Encircling during the hunt can be mathematically modeled as follows:
~ ~Xp (t) − ~X (t) , C
~ = 2.~r1 ,
~D = C.

(25)

~X (t + 1) = ~Xp (t) − ~A.~D, ~A = 2~a.~r2 −~a,

(26)
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Fig. 10. The proposed control system framework

where ~D is the distance between the prey and grey wolves,
t is the current iteration, and ~Xp and ~X indicate the position vectors of the prey and the grey wolf, respectively.
The two random numbers~r1 and~r2 are in the range [0, 1].
a is a vector with components decreasing from 2 to 0. The
potential location of the prey can be computed from the
knowledge of α, β , and δ wolves’ positions. In this regard, the following formulas govern the position updating
algorithm:

Our paper takes three controller parameters, and each
has six components. Therefore, each wolf is assigned
eighteen coordinates to fully represent all controller parameters. Meaning, eighteen control parameters update
their values in each iteration. At the end of the iteration,
the best solutions which result in the optimal fitness value
will be returned. The detailed description of the controller
parameters is shown in Table 1.
5.

~ 1 .~Xα − ~X ,
~Dα = C
~ 2 .~Xβ − ~X ,
~Dβ = C

~
~
~
~X (t + 1) = X1 + X2 + X3 .
3

(27)

(28)

(29)

From the original GWO algorithm, it is clear that the
three best search agents, α, β , and δ wolves gives the first,
the second, and the third fittest solutions, respectively.
However, more emphasis is not given yet for α solution
to influence the other two best solutions. In this paper, an
emphasis coefficient is introduced in the expression of the
search agent positions. (29) is modified as:
~
~
~
~X (t + 1) = η X1 + X2 + X3 ,
3

The results and discussions of analytical model
This subsection discusses the simulation results of the
analytical model of Stewart platform designed to assist
additive manufacturing. The desired and actual leg-length
trajectories as well as the associated errors are discussed.
Prior to model simulation, GWO algorithm is run to determine the optimal controller parameters. The algorithm
applied the following specifications. The initial position
of wolves is generated using uniform random distribution.
The emphasis coefficient for α wolf is selected as η = 1.2.
Even though it is difficult to decide the maximum number of population and the maximum number of iteration
for population-based optimization problems [43], our assumptions for the numbers come from the related research
works. Some researchers [14, 44] applied GWO to tune
controller parameters in robot manipulators, and they used
the wolf population number and the maximum iteration
number below 90 and 100 respectively. Having this basis,
we select the wolf population number as 90, and the maxi5.1.

~ 3 .~Xδ − ~X .
~Dδ = C

~X1 = ~Xα − ~A1 .~Dα ,
~X2 = ~Xβ − ~A2 .~Dβ ,
~X3 = ~Xδ − ~A3 .~Dδ .

RESULTS AND DISCUSSIONS

Table 1. Controller parameters.
(30)

where, the emphasis coefficient term η is located in the
interval [1, 2].
The GWO algorithm is illustrated in Fig. 11.

Controller parameters, X
kp
k p1
kd
kd1
ks
ks1

Components
k p2 k p3 k p4 k p5 k p6
kd2 kd3 kd4 kd5 kd6
ks2 ks3 ks4 ks5 ks6
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Fig. 11. Pseudo-code for the modified GWO algorithm

mum iteration number as 100. Moreover, integral absolute
error (IAE) is chosen as a standard cost function. It can be
mathematically expressed as:
6

Zt

IAE = ∑

i=1

|ei (t)| dt,

(31)

0

where, ei (t) = qi (t) − qdi (t) , i = 1, 2, ..., 6. Each addition
term represents the cost function for each of the manipulator legs.
The optimized controller parameters are presented in
Table 2, and the optimization convergence curve for the
cost function is shown in Fig. 12. The cost function gets
its global minimum value in the iteration interval [75, 100].
The assisting process of Stewart platform in the 3D
printing process needs choosing the right position and orientation of the upper platform to do printing on the surface
of an object. The translational motion of all the six legs determine the position and orientation of the upper platform.
Kane’s transition function is used to plan the six leg-length
motion trajectory. The trajectory planning equation ((32))
has been implemented in MATLAB Simulink.
"
Y (t) = y0 +

0
−
(y f − y0 ) tt−t
f −t0
y f −y0
t−t0
2π sin(2π t f −t0 )

#
,

(32)

Fig. 12. Convergence curve for modified GWO cost function

where Y (t) is the length function, y0 is the initial length,
y f is the finish length, t0 is the initial time, and t f is the
finish time. Thus, the length function computed from this
equation is used as a reference trajectory.
Fig. 13 shows the reference leg-length trajectories
showing the desired leg movement for the specific 3D
printing action. From the design specifications, the initial
and final values of all the six legs are set to be 0.22 m
and 0.27 m respectively. The simulation is run for about

Table 2. Optimized controller parameters.
Controller parameters, X
Components
kp
443 400.15 524.49 348.46 120.19 262.95
kd
44.06 32.01 24.99 80.8 80.88 83.44
ks
5.18 1.88 17.97 20 17.67 18.1
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that the force is applied to downward direction. The three
forces applied on Leg 1, Leg 2, and Leg 3 are negligible as
compared to the forces applied on the other legs. Thus, it
is noted that their leg movement is resulted from the effect
of upward and downward movement of the other legs.
6.

Fig. 13. Desired leg-length trajectories

10 seconds. Fig. 14 shows the actual trajectories of the
leg-length generated from the simulation. The more convincing results showing trajectory tracking ability of the
proposed controller with GWO algorithm are presented in
Fig. 15. It shows the error trajectories of the six legs. The
trajectory tracking rate is observed in descending order as
leg 3, leg 2, leg 1, leg 4, leg 6, and leg 5, respectively.
Apart from this, all the six legs track the desired length
trajectory after 3.5 seconds.

The results analysis and discussions of ADAMS
model
This subsection discusses the simulation results of the
ADAMS model of Stewart platform. The ADAMS model
represents the real system. The leg-length trajectories, the
speed trajectories, and the force trajectories applied to
each leg are discussed. The ADAMS model along with
the Simulink control is run for about 10 seconds.
Fig. 16 shows the actual length trajectories generated by
each of the six legs. Some oscillation patterns are occurred
in the trajectories of the leg-length. This is because of joint
and link flexibility, friction, and other factors showing that
the ADAMS model truly represent the real physical system. Fig. 17 shows speed trajectory of the six legs representing the movement of the upper platform in the printing
process. The positive speed indicates that the leg movement is upward direction, whereas the negative speed tells
that the leg movement is downward direction. The motion starts and ends with zero velocity. Besides, it is shown
that the upward and downward motion of the legs makes
the speed to cross the x-axis and records zero velocity.
Fig. 18 shows the calculated force trajectories computed
from the proposed control scheme. Those forces are applied to the joints of the six legs causing translational motion of the legs to track the desired position and orientation
of the upper platform. Printing on an object can be then
achieved. The positive force tells that the force is applied
to upward direction, whereas the negative force indicates
5.2.

CONCLUSION

In this paper, a special type of RAM configuration is
proposed to overcome the difficulty of guaranteeing the
quality of print objects. This configuration allows multidirectional printing on the existing object. A six DOF
Stewart platform is applied to assist the 3D printing process. The assisting mechanism is executed in such a way
that the Stewart platform manipulator can position and
orient an object to make it ready for printing on its surface. EPDSMC is used as a control framework to compute
the trajectories of the six legs of Stewart platform. Optimal controller parameters are computed using a modified
GWO method. The GWO algorithm used integral absolute
error (IAE) as a cost function. The cost function got its
global minimum in the iteration interval [75, 100]. MATLAB simulation of the analytical model showed that the
desired leg-length trajectories are tracked after 3.5 seconds which is acceptable to make the surface of the object ready for printing. The analytical model is verified
on the ADAMS model. The stability of the system is finally proved with Lyapunov’s direct method and guaranteed that the system is globally uniform and asymptotically stable.
The proposed RAM configuration can be applied for the
following purposes. 1) To print overhang structures: overhangs are the major challenges in the current 3D printing. However, overhang structures can be printed using
the proposed method since it has a capability of multidirectional printing. 2) To repair objects: some objects
may need repair due to aging, cracking, partial breakage,
and so on. Therefore, the proposed method can be applied
to make print on their damaged part. 3) To print decoration materials: the surface of the finished object can be
decorated with materials by exposing its surface in desired
position and orientation.
The paper demonstrated how industrial robots can be
used for assisting AM. However, all the results are based
on simulation models. The results can be improved and
complemented by refining the control and optimization
frameworks. The next step is to conduct a real experiments
and investigate the feasibility of the proposed RAM in the
practical world.
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