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Abstract— Twisted string actuators (TSAs) have exhibited
high performance in numerous mechatronic applications. Most
existing studies on control of TSAs assume that the exter-
nal force applied to the TSA is measurable or predictable.
Furthermore, existing studies also assume that all the TSA
parameters such as the motor properties and string stiffnesses
are accurately known. However, the system parameters could
be difficult to measure, could change over time due to general
wear and tear, and creep. The external forces applied to the TSA
could be difficult to predict or measure. In this study, parameter
estimation and control strategies were developed for TSAs,
assuming little or no knowledge about the system parameters.
Firstly, a parameter estimation strategy which utilized the
least squares algorithm and gradient algorithm is presented.
Secondly, an adaptive control strategy based on model reference
control with feedback linearization is proposed. The developed
estimation and control strategies were tested to be effective
through simulation. The performance of the proposed control
strategy was compared with a proportional controller (PC) and
a proportional controller with a feedforward term (PCFF).
The average TSA length tracking error for the proposed
controller, PC, and PCFF were 2.6×10−4 m, 1.4×10−3 m, and
7.8×10−4 m, respectively.

I. INTRODUCTION

A twisted string actuator (TSA) is an artificial muscle
that consists of at least two strings connected to an electric
motor at one end and a load at the other end [1], [2].
Actuation of up to 30–40% output strain is realized by
twisting the strings with a motor to shorten the strings’ length
and linearly displace the attached load [1]. TSAs exhibit high
energy efficiency [1] and are advantageous over a motor and
spool configuration: TSAs can output higher force with less
input torque than the motor and spool configuration [3], [4].
TSAs have been widely employed in multiple mechatronic
applications, such as tensegrity robots, robotic hands, and
wearable devices [4]–[8].

Previous studies have presented highly accurate TSA
models by considering different phenomena such as varying
radius of the strings along the range of actuation, friction
in different parts of the system, and finite string stiffness
[1], [2], [9]. While existing modeling and control strategies
show strong promise [2], [10]–[12], they exhibit a few
limitations. Firstly, the external force applied to the TSAs
is assumed to be measurable or predictable. Secondly, it
is assumed that all the system parameters are accurately
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known. Existing studies do not consider the effects of wear
and tear and long term usage on the system parameters.
However, in practical scenarios, these assumptions may not
be valid, especially during long-term operation of TSA-
driven systems in practical applications. For example, in
most robotic and mechatronic applications, the external force
can be complex, highly dynamic, and difficult to predict
or measure. In addition, the system parameters such as the
string stiffnesses could change over time due to general wear
and tear, creep, and when used over long durations of time
[13], [14]. Similarly, while most motor parameters can be
obtained from the data provided by the manufacturer, in
inexpensive motors, the effect of wear and tear might not be
negligible when used in practical applications [15]. Under
such circumstances, control strategies that employ adaptive
laws to estimate system or control parameters could be highly
suitable.

A previous study on TSA control employed adaptive
parameter estimation to estimate the changing radius of the
strings across the actuation range [16]. However, it was
assumed that the external force was constant and all the
system parameters besides the string radius were accurately
known. Similarly, in [15], an adaptive robust control strat-
egy was developed to handle the synchronization of two
antagonistic TSAs in an assistive robotic device. However,
string compliance, finite string stiffnesses, varying external
forces, and their effects on the system dynamics were not
considered.

In this paper, we present adaptive parameter estimation
and control strategies to accurately estimate the TSA system
parameters and control the TSA with high performance. The
parameter estimation algorithm consists of two stages: 1)
the kinetostatic model of the TSA will be used to estimate
a term which is a combination of the applied force and
the longitudinal stiffness of the strings. 2) The remaining
systems parameters will be estimated in the second stage,
where the estimated quantity from the first stage will be
used as a measurable quantity. The proposed control strategy
utilizes direct model reference adaptive control (MRAC) and
adaptive feedback linearization. The developed estimation
and control strategies were validated through a detailed sim-
ulation study. The performance of the proposed control strat-
egy was compared with a proportional controller (PC) and
a proportional controller with a feedforward term (PCFF).
The average TSA length tracking errors for the proposed
controller, PC, and PCFF were 2.6×10−4 m, 1.4×10−3 m,
and 7.8 × 10−4 m, respectively. The main contributions of
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Fig. 1. The schematic of a twisted string actuator (TSA).

this paper are:
• Design and analysis of the parameter estimation algo-

rithm and adaptive control strategy for TSAs.
• Validation of the proposed estimation and control al-

gorithms in simulation. Different reference signals and
time-dependent system parameters were considered.

II. MODEL OVERVIEW

In this section, an overview of the kinetostatic and dy-
namic models of the TSA (Fig. 1) is presented.

1) Kinetostatic Model: The length X of the TSA can be
expressed as

X =

√
L2

0

(
1+

Fs

KL

)2

−θ 2w2, (1)

where L0 is the unloaded and untwisted string length, Fs is
the fiber tension in the strings, KL is the longitudinal stiffness
of a single string normalized to its unit length, θ is the
rotation angle of the motor’s shaft, and w is the radius of
the TSA [2]. w depends on the number of strings N in the
TSA. In this work, N is chosen to be 2 because 2-string-
TSA is the most common configuration [2], [3], [9]. The
fiber tension Fs is computed as

Fs =
KL

L0
(X −L0) =

FzX0

NX
, (2)

where X0 is the untwisted and loaded length of the TSA
[2]. Fz is the total opposing force from the payload [2].
For simplicity purposes, the TSA’s radius is assumed to be
constant across the actuation range. This assumption has been
shown to produce satisfactory results [3], [9], [17].

2) Dynamic Model: The dynamic model of the TSA can
be described by the following equation:

τm = Jθ̈ +

(
H +

1
2

∂Cx

∂θ
Fz

)
Fz +bθ θ̇ + τcsgn(θ̇), (3)

where J is the motor’s moment of inertia, H is the Jacobian
of the TSA, ∂Cx/∂θ is the partial derivative of the strings’
compliance, bθ is the motor’s viscous friction coefficient, τm
is the torque output of the motor, and τc is the Coulombic
friction constant of the motor [9]. Similar to previous studies,

in this work, it is assumed that the electrical dynamics of the
system are much faster than the mechanical dynamics [9],
[12]. Therefore, τm can be written as τm = Kt

R v, where Kt is
the motor constant, R is the terminal resistance of the motor,
and v is the input voltage. In [1], [2], the Jacobian of the
TSA is H = (θw2)/X . ∂Cx/∂θ is modeled as

∂Cx

∂θ
= 2

( w
X2

)2
(

2L2
0 −w2θ 2

Kw
wθ

3 +
L3

0
KL

θ

)
, (4)

where Kw is the normalized radial stiffness of the strings
[9]. For the purpose of this study, it is assumed that τc = 0
and all the system parameters, namely, J, bθ , Fz, Kt , R, KL,
and Kw are unknown. It is assumed that the motor angle θ

and the TSA contraction X are directly measurable. Previous
studies have shown that τc is a constant which needs to be
determined experimentally [9]. To maintain simplicity, it is
assumed that τc = 0.

III. PARAMETER ESTIMATION

The first step in the estimation algorithm is to estimate Fs
KL

in Eq. (1). The parametric form of Eq. (1) can be written

as z1 = ψ∗T
1 φ1, where z1 = X2 + θ 2w2, ψ∗

1 =
(

1+ Fs
KL

)2
,

and φ1 = L2
0. Let ψ1(t) be the estimate of ψ∗

1 , and ẑ1 be
the estimated output using the estimated ψ1(t). The gradient
algorithm to estimate ψ1(t) is expressed as

ψ̇1 = γ1ε1φ1, (5)

where γ1 is a positive constant, and ε1 = z1− ẑ1. From ψ1(t),
the estimated Fs/KL, termed as F̂s/K̂L, can be obtained.

For the purpose of formulating the parameter estimation
algorithm, Eq. (3) can be written as follows:

v =
RJ
Kt

θ̈ +
Rbθ

Kt
θ̇ +

RKL

Kt
f1(θ)+

RK2
L

KtKw
f2(θ), (6)

where

f1(θ) = (Fz/KL)
2
( w

X2

)2
L3

0θ +Fz/KL
θw2

X
, (7)

f2(θ) = (Fz/KL)
2
( w

X2

)2
(L2

0 +X2)wθ
3. (8)

The parametric form of Eq. (6) can then be written as
z2 = ψ∗T

2 φ2, where

z2 =
V

Λ(s)
, ψ

∗
2 =

[
RJ
Kt

Rbθ

Kt

RKL

Kt

RK2
L

KtKw

]T

,

φ2 =

[
s2Θ

Λ(s)
sΘ

Λ(s)
F1

Λ(s)
F2

Λ(s)

]T

,

where, V , Θ, F1, and F2 are the Laplace transforms of v, θ ,
f1, and f2, respectively. Λ(s) is a second-order polynomial
with negative real roots. Let ψ2(t) be the parameter vector
which needs to be estimated and ẑ2 be the estimated output
using ψ2(t). Then, the least squares estimation algorithm can
be written as

ψ̇2 = P2ε2φ2, Ṗ2 = β2P2 −P2φ2φ
T
2 P2, (9)



where β2 > 0, and ε2 = z2 − ẑ2. The elements in φ2 must be
measurable. However, the f1(θ) and f2(θ) terms in φ2 are not
directly measurable because they consist of the Fz/KL term,
which is unknown. To make the algorithm work, F̂z/K̂L is
determined using F̂s/K̂L according to Eq. (2). Then, F̂z/K̂L is
used to compute f̂1 and f̂2, which are the estimated values
of f1 and f2, respectively. Therefore, φ2 is assumed to be
measurable. This is valid because, convergence of Fz/KL
can be ensured. Thus, f̂1 and f̂2 will become measurable
quantities. It is noted that for ψ2(t) to converge to its true
value of ψ∗

2 , φ2 must be persistently exciting (PE). The PE
condition of φ2 was numerically demonstrated in simulation
(Section V).

IV. ADAPTIVE CONTROL

The block diagram of the system with the adaptive control
law is presented in Fig. 2. The Laplace transform of the
reference model, which the system (Eq. (6)) will track, is
written as

Θm =
d1

s+d2
r, (10)

where Θm is the Laplace transform of the model output θm,
d1 and d2 are positive real numbers, and r is the reference
signal. The proposed control input v is designed to be
a summation of an MRAC term vMRAC and an adaptive
feedback linearization term v f l . v f l is used to counter the
effects of the nonlinear terms on the behavior of θ , and the
MRAC term is selected to drive the control system to match
a linear reference model.

The proposed control input when all parameters are known
would be as follows [18]:

v∗ =v∗MRAC + v∗f l

=α
∗
1 ω1 +α

∗
2 ω2 +α

∗
3 θ+

C∗
0r+α

∗
4 f1(θ)+α

∗
5 f2(θ),

ω̇∗
1 =−λ0ω1 + v∗, ω̇∗

2 =−λ0ω2 +θ ,

(11)

where α∗
1 , α∗

2 , α∗
3 , C∗

0 , α∗
4 , and α∗

5 are the control parameters
computed using the system parameters, and λ0 > 0 is a
design parameter [18]. It is noted that α∗

4 and α∗
5 would

be determined such that the f1(θ) and f2(θ) terms in Eq.
(6) could be canceled out. The remaining control parameters
would be computed such that the system behaves similar to
the reference model presented in Eq. (10).

When the system parameters are not known, the control
parameters in Eq. (11) must be estimated using adaptive laws.
For this purpose, the system is represented in state-space
form as follows:

Ẏ = AY +BU +L f , Yp =CT
c Y, (12)

where

Y =


θ

θ̇

ω1
ω2

 , A =


0 1 0 0
0 −bθ

J 0 0
0 0 −λ0 0
1 0 0 −λ0

 , B =


0 0
Kt
RJ

Kt
RJ

1 0
0 0

 ,
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Fig. 2. Block diagram for the model reference adaptive control (MRAC)
with feedback linearization. For the controller, only the estimated value of
Fs/KL is required. The estimation of other system parameters is not required.

U =

[
vMRAC

v f l

]
, L =


0 0
KL
J

K2
L

KwJ
0 0
0 0

 , f =
[

f1(θ)
f2(θ)

]
, Cc =


1 1
0 0
0 0
0 0

 .

Addition and subtraction of the term BU∗ with U∗ =
[v∗MRAC v∗f l ]

T to the differential equation in Eq. (12) yields

Ẏ = AcY +BcC∗
0r+B(U −U∗), (13)

where

Ac =


0 1 0 0

Kt
J α∗

3
−bθ

J
Kt
J α∗

1
Kt
J α∗

2
α∗

3 0 α∗
1 −λ0 α∗

2
1 0 0 −λ0

 , Bc =


0
Kt
RJ
1
0

 .

It is noted that the L f term disappears in Eq. (13) because,
as stated earlier, U∗ is designed such that it cancels out the
L f term. The state space equation of the reference model
can be written as

Ẏm = AcYm +BcC∗
0r. (14)

Based on Eqs. (13) and (14), the error dynamics become

ė = Ace+B(U −U∗), e1 =CT
c e, (15)

where e1 is the measured error. Let U −U∗ = Ũ . Since Ũ
has two components: ṽMRAC = vMRAC − v∗MRAC and ṽ f l =
v f l − v∗f l , the transfer function of the system presented in
Eq. (15) will be a 2 × 2 diagonal matrix, with the {1,1}
element being the transfer function between e and ṽMRAC
and the {2,2} element being the transfer function between e
and ṽ f l . To make the transfer function between e and ṽMRAC
equivalent to the transfer function of the reference model, the
matrix B in Eq. (15) must be transformed such that B = ρ∗B̄,
where ρ∗ = Kt/RJ. Eq. (15) can be rewritten as

ė = Ace+ρ
∗B̄Ũ , e1 =CT

c e. (16)

The transfer function G(s) of the system is written as

G(s) = ρ
∗CT

c (sI −Ac)
−1B̄ =

[
wm 0
0 w f

]
, (17)



where wm is the transfer function between e and ṽMRAC,
which is also equivalent to the transfer function of the
reference model. w f is the transfer function between e and
ṽ f l , and is assumed to be stable. If this assumption is not
satisfied, it could cause plant stability issues. Denote α̃ as

α̃ = [α1 −α∗
1 ,α2 −α∗

2 ,α3 −α∗
3 ,C0 −C∗

0 ,α4 −α∗
4 ,α5 −α∗

5 ]
T , (18)

where α1, α2, α3, C0, α4 and α5 are the control variables to
be estimated. Define a Lyapunov function Ω(e, α̃) as

Ω(e, α̃) =
eT PCe

2
+ |ρ∗| α̃

T Γ−1α̃

2
, (19)

where Γ is a diagonal matrix with positive real elements.
Assume Pc is a positive definite matrix and satisfies

PcAc +AT
c PT

c =−qqT − vcLc, PcB̄ =Cc, (20)

where q is a vector, Lc is a positive definite matrix and vc > 0
is a small constant. The time derivative of Ω(e, α̃) along the
solutions of Eq. (16) is computed as follows:

Ω̇ =−eT qqT e
2

− vceT Lce
2

+ eT
1 ρ

∗Ũ + α̃
T

Γ
−1 ˙̃α|ρ∗|. (21)

To make Ω̇ negative semi-definite, ˙̃α is chosen to be
˙̃α = α̇ =−Γēωsgn(ρ∗), (22)

where α = [α1,α2,α3,C0,α4,α5]
T , ω = [ω1,ω2,θ ,r, f1, f2]

T ,
ẽ = θ − θm. This approach was inspired by the Meyer-
Kalman-Yakubovich (MKY) lemma [18]. The overall control
strategy is summarized below:

U = α
T

ω, ω̇1 =−λ0ω1 + iMRAC,

ω̇2 =−λ0ω2 +θ , α̇ =−Γēωsgn(ρ∗),
(23)

where iMRAC = αT
MRACωMRAC, αMRAC = [α1,α2,α3,C0]

T ,
and ωMRAC = [ω1,ω2,θ ,r]T . If some parameters are known,
then the above analysis becomes less complex, and the
convergence rate would be faster.

A. Choice of Reference Signal r
The plant output θ would track the reference model output

θm. However, the user can only select the reference signal r
[16]. The reference input r should be designed such that it
is a function of Xd , the desired length of the TSA X . This
can be accomplished as follows: Firstly, θm is computed as
a function of Xd using

θm =

√
L2

0

(
1+ F̂s

K̂L

)2
−X2

d

w
. (24)

Secondly, r is correlated to θm as follows:

r =
1
d1

θ̇m +
d2

d1
θm. (25)

It is noted that Eq. (25) works only when Xd is a smooth
and continuous function. When Xd is not a smooth and
continuous function (e.g., a step function), then r from Eq.
(25) can be approximated as its value at steady state:

r ≈ d2

d1
θm. (26)

V. RESULTS

A. Simulation Procedure

As a case study, the values of the motor parameters
J, bθ , L, R, Kt were selected as 9.7 × 10−8 kg.m2, 7.6 ×
10−6 kg.m2/sec, 4.3 × 10−4 H, 9.21Ω, 14.6 × 10−3 N.m/A,
respectively. The values of the string parameters KL, Kw,
L0, w were selected as 9.98× 103 N, 11.7× 103 N, 0.2 m,
4× 10−4 m, respectively [9]. To perform simulations close
to practical scenarios, the motor input voltage was limited
to ±18 V. In addition, the following bounds were imposed
on the parameter estimates to improve the performance of
the estimation and control: −50 ≤ α1 ≤ 50, −50 ≤ α2 ≤ 50,
0 ≤ α3 ≤ 50, −50 ≤ α4 ≤ 50, −50 ≤ α5 ≤ 50, 0 ≤C0 ≤ 50.

B. Parameter Estimation

The following input voltage, which was sufficiently rich
of order 4, was applied to the system,

v(t) = 0.01sin(0.5t)+0.01sin(t). (27)

The selected input voltage is feasible to apply in a practical
scenarios: Although the voltage and motor rotations take
negative values, due to Eq. (1), the length of the TSA would
still take positive real values. To test the performance of the
force estimator, the following axial force Fz was simulated:

Fz(t) = (5sin(0.5t −π/2)+5) N, (28)

which implies that max(Fz(t)) = 10 N and Fz(t = 0) = 5 N.
A sinusoidally varying force was chosen to demonstrate
the estimator’s ability to track varying unknown forces. In
practical applications, it is common for the payload to be
complex and difficult to predict or measure. The estimated
and true axial force are shown in Fig. 3(a). The initial
condition for the force estimate was Fs/KL(t = 0) = 0. γ1 was
selected to be a high value of 1010 to ensure fast convergence
of F̂s/K̂L. Selecting a lower γ1 value might slow down the
estimation of F̂s/K̂L and other system parameters. The force
estimation error (Fig. 3(a)) was satisfactory because the
error was small enough to have a negligible effect on the
estimation of the other system parameters.

The estimates of the elements in ψ2 converged to their true
values, ψ∗

2 , in around one minute. ψ2i denotes the ith element
in the vector ψ2. In this simulation, the initial condition was
ψ2(t = 0) = 0. As shown in Fig. 3(b), ψ21 and ψ22 oscillated
around their true values before converging. ψ23 and ψ24 did
not oscillate before reaching ψ∗

23 and ψ∗
24, respectively (Fig.

3(c)). This was likely due to the choices of the initial condi-
tion of the adaptive gain matrix P2(0) = 1010 ∗diag[1,1,1,1],
and the forgetting factor β2 = 1. Another potential reason
could be the fact that the magnitudes of f̂1 and f̂2 which
correspond to ψ23 and ψ24 were very low in comparison
to the other two elements of φ2. Therefore, ψ23 and ψ24
converged to their respective true values only after ψ21 and
ψ22 converged. The convergence performance might vary
based on P2(0).



(a) (b) (c)

Fig. 3. Estimation Results: (a) The time-varying estimate and true value of Fz/K, and the estimation error for Fz/K. (b) The convergence of ψ21 and
ψ22, which initially oscillate around the true values of ψ∗

21 and ψ∗
22, respectively. (c) The convergence of ψ23 and ψ24 to ψ∗

23 and ψ∗
24, respectively.

C. Model Reference Adaptive Control

The parameters of the reference model were chosen so
that the first-order transfer function would have a low time
constant relative to the step response of the plant. This will
not have adverse effects on the control performance for any
choice of the reference signal. This was accomplished by
setting high values for d1 and d2 of 1000. This was done to
make the reference input equal the reference output at steady
state, according to Eq. (26). Without loss of generality, a
force describe by Eq. (28) was applied to the TSA. The
reference signal was defined in terms on the TSA’s length.
From the reference length, a reference motor angle was
computed according to Eqs. (26) and (25), respectively. The
sine wave was described as follows:

Xd =
L0c
2

sin(15t −π/2)+L0

(
1− c

2

)
, (29)

where Xd is the desired sinusoidally varying length, c is the
desired maximum contraction, which is expressed as a ratio
between 0 and 1. TSAs are typically able to achieve up to
30–40% contraction. Therefore, c was chosen to be c = 0.3.
λ0 was chosen as 106 because it led to faster convergence
of both the parameters and plant output during simulation.
The adaptive gain Γ = 0.2 ∗ diag[1,1,1,1,1,1] was chosen
to be a relatively low value because the scale of most of
the parameters were small. α4, for example, was on the
order of 10−7. The plant converged to its reference signal
in approximately 0.3 s. The fast convergence came at the
cost of high disturbance in the initial stages. The tracking
error for θ is provided in Fig. 4(a), where two signals are
plotted. The first signal, er = θp−r, is the difference between
the plant output and the reference model input. The second
signal, em = θp − θm, is the difference between the plant
output and reference model output. Because the dynamics
of the reference model were fast, the differences between er
and em were negligible.

The output TSA length, Xp and Xd , and the control error
in terms of the TSA contraction are shown in Fig. 4(b). The
high overshoot during t < 0.3 s was because the parameters

of the controller had not yet converged. Because the relation
between θ and X is static (not dynamic), the length con-
verged to its setpoint at the exact same time that the motor
angle converged to its setpoint. All parameters converged in
approximately 2 s or less. The quick convergence of all six
parameters led to accurate control performance.

In addition, the performance of the MRAC when the
system parameters, namely, KL, Kr, J, and bθ , varied linearly
with time, was also examined. The aforementioned parame-
ters varied according to the following equations:

KL(t) = KL(0)−100× t, Kr(t) = Kr(0)−100× t,

J(t) = J(0)+10−8 × t, bθ (t) = bθ (0)+10−8 × t,
(30)

where, KL(0), Kr(0), J(0), bθ (0), the initial values of the
respective parameters, were the same as in Section V.A. The
respective rates of change were selected to simulate a slow
variation with respect to time. The parameters varied for
the first 10 sec of the simulation after which they remained
constant. By varying the value of the stiffnesses KL, and Kr,
the value of the loaded untwisted length X0 can be varied,
which would help in simulating the effects of creep. Previous
studies on TSAs have indicated the existence of creep in
their behavior [13]. Furthermore, to simulate the effects of
wear and tear in the motor, the motor parameters namely
the inertia of the motor J and the motor’s viscous coefficient
bθ were varied over time. Similar results were obtained, as
shown in Fig. 4(c)–(f). Due the constraints on the control
input in practical applications, varying the control parameters
and system parameters might have a non-negligible effect on
the performance of the system. This effect could be in the
form of either unwanted oscillations in the system output or
even instability of the system.

Furthermore, the controller performance was compared to
PC and PCFF. These controllers were selected based on their
prior selection in [16], and also due to their common usage.
The PC was defined as vP =−Kpem, where, vP is the input
using PC, and Kp is the proportional gain. The PCFF was
defined as vPCFF = −Kpem +KFF θ̇m, where, vPCFF is the
input using PCFF, Kp is the proportional gain, and KFF is



(a) (b) (c)
Fig. 4. MRAC results with time-independent system parameters: (a) Motor angle results: desired versus simulated output and Motor angle control error.
(b) The reference TSA length, output TSA length, and length control error. (c) Comparison of the TSA length results (Top) and the corresponding control
error (Bottom) with MRAC, PC, and PCFF control strategies.

the gain for the feedforward. The gains of the aforementioned
controllers were selected based on the initial guesses of the
system parameters. The reference signal for this comparison
is described by Eq. (29). The parameters of the system
namely, KL, Kr, J, and bθ , varied linearly with time according
to Eq. (30). In Fig. 4(c), the variation of Xp is shown during
the first 6.8 secs. The system exhibited superior performance
with MRAC as compared to PC and PCFF. The average
TSA length control errors for MRAC, PC, and PCFF were
2.6×10−4 m, 1.4×10−3 m, and 7.8×10−4 m, respectively.

VI. CONCLUSIONS AND FUTURE WORK

In this work, estimation and adaptive control algorithms
for TSAs were formulated, and their effectiveness was ver-
ified through simulation. The simulations results showed
satisfactory performance. Overall, the adaptive estimation
and control techniques enable many unknown parameters of
the TSA to be estimated, while achieving accurate tracking
control. In future work, firstly, the proposed algorithms
will be experimentally validated; secondly, the estimation
algorithm will be modified to consider the variable string
radius; lastly, control strategies in which the proposed es-
timation algorithm will be used directly, such as adaptive
pole placement control (APPC), indirect MRAC, and robust
MRAC, will be explored and compared.
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