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Abstract: Dynamic characteristics and control of thin McKibben muscle (TMM) have not yet been
fully investigated, especially on the translational antagonistic pair system. Therefore, the objective
of this study is to propose a Switching Model Predictive Control (SMPC) based on a Piecewise
Affine (PWA) system model to control a translational antagonistic-pair TMM servo actuator. A novel
configuration enables the servo actuator to achieve a position control of 40 mm within a small
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footprint. The result shows that the feedback system gives minimal steady-state errors when tracking
staircase and setpoint references ranging from 0 to 3.5 cm. The controller also produces better
transient and steady-state responses than our previously developed Gain-scheduled Proportional-
Integral-Derivative (GSPID) controller. The evidence from this study suggests that a predictive
control for a TMM servo actuator is feasible.
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Many compliant and soft robotic arms have been developed using pneumatic muscle
actuator (PMA) or also known as McKibben muscle (MM) because of its similarity to
human muscle in terms of compliance characteristics and contraction properties. These
muscles are usually powered by mechanical air compressor, but some researchers have
explored the possibility of using non-mechanical micropumps such as electrohydrodynamic
pumps [1]. Due to its high output force, conventional MM is preferred over thin McKibben
muscle (TMM) in applications needing high force in an unconfined environment. TMM,
on the other hand, is better suited to robotic applications where space is limited due to
its flexibility and small weight. For example, snake-like manipulator has been developed
by Faudzi et al. [2] using TMM s attached to a thin bendable plastic. A more complicated
approach has been taken by Pang et al. [3] where they used springs and flange plates with
TMMs to guide the manipulator. Similar structure has been used by Liu et al. [4] with the
difference being the springs replaced by internal TMMs set. Another recent example of
TMM-based continuum manipulator can be seen in Mohamed et al. [5].

Precise positioning control could expand TMM'’s usability, for example into surgical
robots [6]. However, MMs, in general, are known to have nonlinear response and hysteresis.
40/). Therefore, using them for position control is challenging. Nonlinear control methods are

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://

creativecommons.org/licenses /by /

Actuators 2022, 11, 233. https:/ /doi.org/10.3390/act11080233 https:/ /www.mdpi.com/journal/actuators


https://doi.org/10.3390/act11080233
https://doi.org/10.3390/act11080233
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/actuators
https://www.mdpi.com
https://orcid.org/0000-0001-7331-0681
https://orcid.org/0000-0002-8591-4551
https://orcid.org/0000-0003-2614-2077
https://orcid.org/0000-0003-0594-8231
https://orcid.org/0000-0002-4387-3456
https://doi.org/10.3390/act11080233
https://www.mdpi.com/journal/actuators
https://www.mdpi.com/article/10.3390/act11080233?type=check_update&version=1

Actuators 2022, 11, 233

20f16

preferred in applications requiring a large range of operation and high-speed motions.
One of them is sliding mode control [7-10]. It is a type of robust controller that takes the
uncertainty of model parameters and system disturbances into consideration. It is also
based on the assumption that first order system is easier to control than higher order system.
Another one is the adaptive controller [11-13], whose parameters vary throughout the pro-
cess and are used in systems with uncertain parameters. Even though the robust controller
can also be used for such systems, the adaptive controller is better when the unknown
parameters are constant or vary slowly over time. However, its drawback compared to
robust controller is its inability to deal with disturbances and unmodeled dynamics.

Another popular control method is the artificial intelligence (Al)-based control, which
builds the controller’s model using Al such as neural network (NN) and fuzzy logic.
NN is a series of algorithms, modeled roughly after the animal brain, that is designed to
recognize patterns. Among the applications of NN are implementing gain scheduling of the
Proportional-Integral-Derivative (PID) controller [14], determining the model parameters
in the adaptive controller [15,16], and acting as the controller itself through the use of
inverse dynamics [17]. On the other hand, fuzzy logic is a set of degrees of truth, modeled
after the human reasoning, that is designed to represent knowledge [18]. Thus, the use
of fuzzy controllers is achieved through inverse dynamics, as can be seen in works by
Leephakpreeda [19], And and Ahn [20], and Chandrapal et al. [21]. Although these
methods are promising, they require plenty of data gathering and training.

In many robotic applications, MMs and TMMs are used in antagonistic pair configura-
tion [9-13,22-25] whereby at any time, a set contracts and another set relaxes. Compared to
single-acting arrangement [15,26-29], it is more challenging to control because two different
contraction modes need to be handled simultaneously. Switching linear controllers such
as Switching Model Predictive Control (SMPC) [30-32] and Gain-scheduled Proportional—
Integral-Derivative (GSPID) [28] have been used to control such systems. Being basically a
combination of linear controllers, they are simpler to design compared to other nonlinear
controllers. However, the existing literature focuses on conventional MMs, which have
different characteristics than TMM such as the absence of slack and significantly higher
mass. A thorough search of the relevant works of literature yielded no related article
on TMM.

There are typically two ways that an antagonistic pair configuration is realized: a rota-
tional system and a translational system. Compared to rotational systems [8,16,28,33-37],
translational systems [38—40] of MM, let alone of TMM, have not been studied as much. In
addition, in the works on translational systems, other researchers have only achieved a max-
imum position control of 15 mm and 6.4 mm for a maximum pressure of 0.45 and 0.5 MPa,
respectively, on their translational systems [7,39]. Table 1 summarizes the contributions of
this paper with its main references.

Table 1. Summary of the contributions of this paper.

Contribution Details Main References
. . Translational antagonistic-pair thin McKibben muscle Shen et al. [7] (conventional MeKibben muscle .(MM)’
Configuration . . max. control 15 mm), Tang et al. [39] (conventional
(TMM) servo actuator with maximum control of 40 mm
MM, max. control 6.5 mm)
Shen et al. [7] (sliding mode control, conventional
Control Switching Model Predictive Control (SMPC) MM), Andrikopoulos et al. [31,32] (single-acting,

conventional MM)

2. Materials and Methods

This section is comprised of five parts. In the first part, the system under study and its
PWA model are explained. Then, in the second part, the SMPC is detailed out. In the third
part, the experiment setup is presented. In the last two parts, the stability of the controller
is discussed.
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2.1. TMM Servo Actuator and Its PWA Model

The prototype’s drawings are shown in Figure 1. It uses commercial TMMs [41] with
an outer-tube diameter of 1.8 mm and operating range of 0-0.5 MPa. The muscle’s spec-
ifications are listed in Table 2 based on [41]. The antagonistic pair muscles are placed in
different elevations. This configuration is necessary to realize a maximum displacement in
the horizontal plane within a small footprint. The actuator uses two valves to control the
top and bottom muscle pairs separately.

Top muscle pair

Bottom muscle pair

Rod Top pulleys Rod Side pulleys Bottom pulleys

@ (b)
Figure 1. The prototype’s drawing in computer-aided design. Reprinted by permission from Springer
Nature: Springer eBook [42], copyright 2022. (a) Isometric view of the top part; (b) Cross-section
view of the bottom part.

Table 2. Specifications of the TMM used.

Pressure (MPa) Maximum Force 2 (N) Maximum Contraction Ratio ? (%)
0.1 1 2.5
0.2 5 15
0.3 10 21
04 15 25
0.5 20 28

a Estimated values.

The main difference between the configuration used in this study and that used by
other researchers [7,39] is the use of pulleys and the placement of the antagonistic pair
muscles on different elevations and in parallel. This configuration is necessary to maximize
the rod displacement in the horizontal plane within a small footprint. Other researchers
placed the muscles on the same elevation, to the the left and the right of the load, without
the use of pulley. Such sonfiguration entails that for a position control of 40 mm, the
length of the setup has to be more than 36 cm, as shown in Figure 2. With the use of the
pulley—different elevations—parallel system, the prototype is only about 10 cm.
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Origin
1

Origin
1 1 1

! 20 cm ! !mm! ! 16 cm ! ! 18 cm 18 cm
> . < . . >l < > < >
I (No contraction) I 1 (20% contraction) (10% contraction) | 1 (10% contraction)

(b)

()

Figure 2. Illustration of antagonistic translational TMM servoactuator setup for 40 mm position
control with no modification. The length of the setup has to be more than 36 cm. (a) Rightmost
position; (b) center position; (c) leftmost position.

Another difference in this configuration is the use of TMM instead of conventional
PAM. Whereas conventional PAM is rigid, TMM is flexible and has slack. The slackness
causes a passive contraction range whereby its contractile force does not affect the load
displacement, as described in Figures 3 and 4.

With slack

To muscle
holder ~=---------------------=

L

Inlet/ outlet

__________________________

Without slack

Figure 3. Comparison between a muscle with slack and a muscle without slack.

Potentiometer attached to rod

Top muscle pair, with slack

Figure 4. Top muscle pair with slack and passive contraction.

The servo actuator is modelled as a multiple-input single-output (MISO) system. Its
inputs are air pressure into the top McKibben muscle pair, P,, and bottom muscle pair, Py,
whereas its output is the rod displacement, x. The contractile force, F, from a single muscle
acting on the rod can be described using Schulte’s formula [43]

Fo D3P

(3 cos? 0 — 1) 1

where Dy, P, and 6 are the maximum muscle diameter, applied pressure, and muscle’s

braid angle. Since Dy is a constant, at the same pressure, F depends on £ alone.
Therefore, based on Equation (1), F is maximum at the start of contraction (6 = 6p).

This force moves the rod. As illustrated in Figure 5, as the muscle contracts, 6 increases
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and F decreases. When the muscle is fully contracted, F equals to zero and the rod
stops moving.

To muscle

holder Inlet/outlet

Dilated 0 0 Contracted
muscle i f muscle

Figure 5. Comparison of braid angle before and after contraction. Initial braid angle, 8;, is smaller
than final braid angle, 6 iz

Whereas the previous discussion is on the static model of a TMM, which gives a
good background on its behavior, the dynamic model is more useful in fully explaining
what is happening during transients, such as during the start of a system. The dynamic
model, as illustrated in Figure 6, has been derived and explained in detail in our previous
work [42]. Furthermore, the piecewise affine (PWA) system has been used to represent the
model, which enables a switching controller to be developed for the actuator. Some of the
paper’s important results are republished here to aid in understanding PWA and its role in
the development of the SMPC.

F.-R, (N) Rod, M (kg)

Figure 6. Dynamic model of the TMM servo actuator. Reprinted by permission from Springer Nature:
Springer eBook [42], copyright 2022.

The state space model of the system for extension operation near the mth operating
point x™r is given by

and its compact form by

Xe = Al'xc + Bl'oP, + f

3
yc = CTxC ( )
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where x, = { il ] = [ fc ] € X, QRZ,y:x,and(SPa € P, C R, with X, and P, are the
2

sets of state and input pressure containing the operating points x"r and P, respectively,
and A, Bl and C}' are matrix variables of system, input and output given by

0 1
Al = K" 2aDP," mop pm | 4)
‘ [_M_ T (1—xza> -7
0
B — mop \ 2 , 5
ECICCESRY i
1 0
m o __

and f" is the affine term given by

0
f;n — [ KMy Mop + Zap;"Omeop (1 _ xmop) ] (7)

M oM la

On the other hand, the state space model of the system for retraction operation near
n-th operating point x" is given by

0
+ n n p'o 8
anOP_TZI\)/?p ‘| 8)
and its compact form by
yc = C?xc
where
0 1
AT g (- ey (10)
M T,M T, M
0
Bn = 1 JCmax*xnop 2 7 (11)
= | i )
10
n __
0
f}’l = K'y'op zapnnpxﬂop xmax*xnop . (13)
‘ [ (1_( T ))

2.2. Tracking MPC
The system at the bth mode can be represented by the following discrete-time linear

time invariant function
Xep = Alxe, + Bluy + f*

14
Vo = Chx, (14)
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b Agll AE]Z 0 b ‘11 Te12 P,
— — — [la
where A] = [Algm AL, o], B = [Bgm Bgzz} and uy = [pbk].
To simplify the notation, the active-mode notation, b will be dropped in the subsequent
discussion. Augmenting the state vector in Equation (14) to include affine term f yields

Xpr1 = Axg+ Bug
e = Cx
To simplify the discussion to follow, prediction horizon and control horizon is assumed
to be of the same value. The general finite horizon cost function from time instance 0 to

N, that depends on the initial state xo and input sequence Uo—N, = U, ---, UN,—1 for an
optimal controller is then given by

(15)

Np—1
]0%1(360/ Uowv,,) = p(pr) + Z(:) q(x;, u;) (16)
=
where N, is the prediction horizon, p(xy,) is the terminal cost function, g(x;, u;) is the
stage cost function, and x; is the state vector at time i resulting from the input sequence
Uo-sN, applied to the system model

Xi+1 = Ax; + Bu; (17)

starting at xo.

Model Predictive Control (MPC) uses the same cost function (Equation (16)) calcula-
tion, but instead of a one-time operation at the initial time, the calculation is repeated at
every time instance k. Since Equation (17) predicts at k = 0 what the future state vector
would be, the future state and output predicted at time k can be written as

Xeyivie = AXppije + By as)
Yirilk = Coppijk

where xj ;i is the ith state predicted at k and u;; is the ith input computed at k. The
finite horizon cost function at time k for MPC can then be defined as

Jie—k+N, [k (xk, uk—>k+Np|k) =p (xk—i-Np\k)
N,—1
+ ) Q(kari\kr ”k+i|k) (19)
i=0

where Uk—>k+Np = Ukye ooy Uk N,—1 is the calculated input sequence. If a quadratic cost
function is used, Equation (19) becomes

Jk—k-+N, [k (xkr ukﬁk+Np|k) = xy, Py,
Np—1
+ (x}Qx; + u/Ru;). (20)
i=0
where P is the terminal weight, Q is the state weight, and R is the input weight. The MPC
optimization problem at every time instance k is then: given xy, find U;_,; N,k which
minimizes Equation (20) subject to constraints, that is

. / NP_l / /!
ming, ok prPpr +Xi0 (x;Qux; + ujRu;)
subject to Xptitllk = Axk+i\k + B”k+i\k (21)
Eug <e.
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MPC then uses only the first control signal, 1y = —Kxj, and resolves the optimization
problem, Equation (21) at the next time instance, k + 1.

The servo actuator is to track a reference trajectory, r; therefore, an MPC has been
designed with the main objective of minimizing the error, ¢, between r and the output, y.
The cost of implementing such a controller consists of the performance cost, which depends
on P and Q, and the effort cost, which depends on R, and by tuning the weights, the balance
between the two costs can be specified. In addition, the controller needs to work within
certain constraints, such as the state and input inequality constraints, i.e., X5, < x < Xpax
and u,i; < u < Uygy. The cost problem of the tracking controller is then defined as [44]

min (3/2+Np\k = "k Np ) Pkt Nk — Tk Np k) T
I (Wi = Teriti) QWkifie — Tievife)
+Au§{+i|kRAuk+i‘k]

st. Ymin < Yitilk <Ymax,i=1,...,Np
Umin < Ugqi < Umax, 1 =0,.. -er
Atpin < Ay < Amax, i =0,...,Np
Ukt = 0,i > Np
Xepirife = AXppifk + Blttgpioqp + Dty ]
Yrilk = CXpqijk

(22)

2.3. Experiment Setup

The prototype fitted with a Gefran® potentiometer is shown in Figure 7, and an
overview of the experiment setup is shown in Figure 8. The detail of the experiment setup
can be referred to [45]. A Gefran PZ-34-A-250 linear potentiometer is used to measure
the rod position, whereas the acceleration is obtained by using a filtered derivative of the
measured position with a time constant of 0.03.

Jig Actuator Gefran potentiometer  Inlet/ Outlet

Figure 7. The prototype fitted with a Gefran potentiometer.

Pressure source

Input pressure

[~ = 8
Analog displacement
data l | ; '
Analog control IE |

CKD MEVT ; .
electro voltage (0-5V) Servo actuator fitted with

Gefran potentiometer

pneumatic
regulator

Arduino UNO

t Serial connection

Host computer
running Simulink

Figure 8. Overview of the experiment setup. Reprinted by permission from Springer Nature: Springer
eBook [45], copyright 2021, with some modification.
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The overall SMPC control system is shown in Figure 9. The controller was devel-
oped using Hybrid Toolbox [44], Multi-Parametric Toolbox 3.0 [46], YALMIP [47] and
HYSDEL [48]. A feed forward controller was used in addition to the MPC controller to
minimize the settling time. In addition, it ensures that maximum displacement is achieved.
A lookup table, Table 3, is used to determine the value of the feedforward signal. The
mapping of the table depends on reference signal and forward-reverse switch.

X Filtered
derivative

—2 » Tracking MPC

ref

[Pa Per ]

Feedforward
control

Active mode

lookup table

Forward/Reverse
B switch

Figure 9. Overall SMPC system.

e - rof

Table 3. Feedforward control lookup table.

Reference Displacement

(cm) Forward-Reverse Switch 2 Feedforward Control (MPa)
r<o05 1 0.175
05<r<10 1 0.18
1.0<r<15 1 0.21
15<r<20 1 0.218
r>20 1 0.225
r<0.5 0 0.21
05<r<1.0 0 0.19
10<r<15 0 0.175
r>15 0 0.165

a1: Forward, 0: Reverse.

2.4. Stability of Finite Horizon Optimal Controller

The stability of a discrete-time system can be checked using Jury stability criterion.
The system is stable if the eigenvalues of the closed-loop system is inside the unit circle.
Given a plant as in Equation (15) with a state-feedback controller, stability is determined by
solving

det[A] — Ay] =0 (23)

for eigenvalues, A with A,; = A — BK and K being the gain. In MATLAB, Equation (23) is
solved using the command eig(A).

For a finite horizon optimal controller such as MPC, the value of K, and hence the
eigenvalues, depend on the prediction horizon, N,. It is well-known that asymptotic
stability of a predictive controller is ensured with an infinite Nj,. However, instability is not
ensured with small Nj. James B. Rawlings et al. [49] shows that a short N, might produce
closed-loop eigenvalues outside of the unit circle. Therefore, in general, MPC stability is
not guaranteed [50].

Several methods have been proposed to guarantee the stability of MPC, as discussed
in [51]. In this study, a terminal-equality constraint whereby the terminal cost F(.) and
terminal constraint x(N) € X satisfy F(x) = 0 and Xy = {ysp} was adopted to guarantee
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the MPC’s stability. In Hybrid Toolbox, this is achieved by setting Q.xN to zero, and
limits.Sx and limits.Tx to [1 0;—1 0] and zeros (2,1), respectively.

2.5. Stability of SMPC

Because of the one-way motion of McKibben muscles, two or more controllers need
to be used to enable extension and retraction actions. At any time, only one controller
is active, which means that the controller switches from one to another. This switching
configuration might affect the stability of the system. To prove the stability of this kind of
system, multiple Lyapunov functions can be used. Liberzon [52] suggested that as long as
the Lyapunov function of the active controller decreases over time, the switching system is
stable. For switching MPC, if the MPC’s cost function is taken as its Lyapunov function [53],
its stability is guaranteed because MPC performs online minimization of cost function;
therefore, its Lyapunov function decreases over time [31].

2.6. Gain-Scheduled Proportional-Integral-Derivative

The developed SMPC has been compared to our previously developed Gain-scheduled
Proportional-Integral-Derivative (GSPID) controller [45], as shown in Figure 10. Even though
both controllers are based on linear models, MPC, in general, has the advantage of more
readily able to handle constraints.

e

Forward PID u

Xre! . .
Gain selection Servoactuator

71
L= |

Reverse PID

—

-ve error selection

Error hysteresis

oN e - Xref

N

Figure 10. Schematic of the Gain-scheduled Proportional-Integral-Derivative (GSPID) controller.

3. Results

Figure 11 shows the results of set point experiments to compare the performance of
the developed SMPC with the GSPID controller. The SMPC performs well to follow the
set point with average rise time, T, settling time, T;, overshoot, OS, and steady-state error,
Ess of 1.49 s, 3.69 s, 0.62%, and 0.51%, respectively, as shown in Table 4. Compared to
the GSPID controller, the SMPC has smaller average values for all the parameters. This
is because the GSPID controller is based on a single-input single-output (SISO) system
that is not able to achieve a fine displacement control. Therefore, it is not able to produce
a good set point regulation once overshoot occurs. Therefore, it is tuned to get the best
steady-state response, i.e., minimal overshoot and steady-state error at the expense of the
transient response, i.e., rise time and settling time.
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deksschscesa ]

Reference signal
——yMPC
--yPl

25—

5 . smoooooooooooo.ooo

Displacement (cm)

05—

______

Time (s)
Figure 11. Result of SMPC versus GSPID setpoint tracking experiments.

Table 4. Comparison between SMPC and GSPID setpoint tracking performances.

T; (s) T (s) 0OS (%) Ess (%)
Step (cm) MPC PID MPC PID MPC PID MPC PID
0.5 2.25 3.10 4.53 9.60 2.00 1.40 2.00 1.40
1.0 1.51 3.80 3.68 6.40 1.00 1.00 1.00 1.00
1.5 0.03 4.40 5.45 8.20 0.00 1.33 —0.67 1.33
2.0 1.71 4.60 2.58 11.30 0.00 1.50 0.00 1.50
25 1.10 5.40 3.15 10.80 0.40 0.40 0.40 0.40
3.0 2.32 6.40 2.72 12.60 0.33 0.33 0.33 0.33
Average 1.49 4.62 3.69 9.82 0.62 0.99 0.51 0.99

Figure 12 shows the tracking performance of the SMPC controller to a staircase signal.
The output displacement, D, (yellow) shows good tracking to reference displacement,
D,.s (purple). The average rise time, settling time, overshoot, and steady-state error
are 2.16 s, 3.47 s, 1.25%, and 1.25% for increasing staircase tracking and 1.26 s, 2.27 s,
1.13%, and —0.07% for decreasing staircase tracking, as shown in Table 5. To calculate rise
time or fall time for each step change, the response is normalized to be in the range of
[0, [Yss — Yref,initial|] Where yss is the steady-state response value and Yy initiar is the initial
reference value. For example, for a reference change from 1.5 to 2 with steady-state response
of 2.01, the range would be [0,2.01 — 1.5 = 0.51].
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- =yref
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1 I
05bt mm = e -
| I
| I
1 I
ok I I I I | 1 -
0 10 20 30 40 50 60
Time (s)
Figure 12. Graph of SMPC staircase tracking.
Table 5. SMPC staircase tracking performances.
Actuation xo (cm) xf (cm) T, (s) Ts (s) OS (%) Egs (%)
Forward 0.0 0.5 0.90 4.55 2.00 2.00
0.5 1.0 2.31 4.16 1.00 1.00
1.0 15 2.06 3.04 1.33 1.33
1.5 2.0 3.14 3.15 1.50 1.50
2.0 25 2.39 2.47 0.40 0.40
Average 2.16 3.47 1.25 1.25
Reverse 2.5 2.0 0.72 0.95 0.00 0.00
2.0 15 1.16 1.30 0.67 0.67
15 1.0 1.28 1.98 1.00 1.00
1.0 0.5 1.29 3.83 4.00 —2.00
0.5 0.0 1.86 3.31 0.00 0.00
Average 1.26 2.27 1.13 —0.07

The SMPC tracking performance is also compared with the result from GSPID con-
troller, as shown in Figure 13 and Table 6. The result shows that the SMPC, in general, has
lower average values of transient and steady-state responses with average T, Ts, OS, and
Ess 0f 2.96 s, 3.67 s, 1.24%, and 0.74% for forward actuation, and 1.53 s,2.31 s, 1.27%, and
0.20% for reverse actuation, compared to the GSPID’s values of 4.28 s, 6.06 s, 0.01% and
0.01% for forward actuation, and 7.46 s, 8.63 s, —2.29% and —2.29% for reverse actuation.
Even though GSPID performs better than SMPC in OS and Eg;, for forward actuation, the
values of SMPC are still low and acceptable. Taken together, these results suggest that the
SMPC has a better tracking performance than the GSPID.
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3.5
Reference signal
—y MPC
3
2.5

N

e
(6]

Displacement (cm)

0.5

100

Time (s)
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Table 6. Comparison between SMPC and GSPID staircase tracking performances.

Actuation X0 xg T, (s) Ts (s) 0OS (%) Ess (%)
(cm) (cm) MPC PID MPC PID MPC PID MPC PID
Forward 0.0 12 2.85 3.70 3.82 5.60 2.50 0.00 0.00 0.00
0.0 3.0 2.32 5.90 2.72 12.38 0.33 —0.33 0.33 —-0.33
1.2 1.6 291 3.10 4.30 3.20 1.88 0.00 1.88 0.00
1.6 2.0 3.86 3.80 3.99 3.90 1.50 0.00 1.50 0.00
2.0 2.5 2.86 490 3.50 5.20 0.00 0.40 0.00 0.40
Average 2.96 4.28 3.67 6.06 1.24 0.01 0.74 0.01
Reverse 25 1.3 1.01 8.60 1.19 10.10 1.54 0.77 —1.54 0.77
1.3 0.9 0.75 3.80 1.73 3.90 5.56 —2.22 —2.22 —2.22
0.9 0.5 1.64 11.80 2.05 14.30 —-2.00 —10.00 2.00 —10.00
0.5 0.0 1.30 8.80 2.93 8.80 0.00 0.00 0.00 0.00
Average 1.53 7.46 2.31 8.63 1.27 —2.29 —0.20 —2.29

4. Conclusions

In this study, we set out to determine the feasibility of position control using switching
MPC for a translational antagonistic-pair TMM servo actuator. It was found that the con-
troller was able to track setpoint and staircase signals in the actual system. Its performance
was also compared to our previously developed GSPID controller. It was shown that the
SMPC is better than the GSPID controller in both transient and steady-state responses.
The results of this study indicate the feasibility of a predictive control for a TMM-actuated
pneumatic cylinder, which would facilitate future development of a compliant actuator
for safe human-robot interaction. Another focus of this research is to extend the position
control range of the servo actuator, which has resulted in the novel method as explained
previously. While using a conventional setup requires a larger space to accommodate
the increased length as explained in Section 2.1, it is unknown if it can produce a better
control. A study to compare the performance of a setup without pulleys and the elaborated
configuration to that of this research could thus be useful.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

GSPID  Gain-scheduled Proportional-Integral-Derivative
MM McKibben muscle

MPC Model Predictive Control

NN Neural network

PAM Pneumatic artificial muscle

PID Proportional-Integral-Derivative
PMA Pneumatic muscle actuator

PWA Piecewise Affine
SMPC  Switching Model Predictive Control
TMM Thin McKibben muscle
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