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Inverse Modeling for Component Selection of Twisted String
Actuators

David Bombara1, Revanth Konda1, Zunaed Kibria2, and Jun Zhang1

Abstract—Twisted string actuators (TSAs) have been widely
used in numerous mechatronic applications. However, existing
literature selects the TSA’s components (strings and motors)
through ad hoc procedures. The selection of TSA components
requires inversion of its mathematical models. This is difficult
because many variables are coupled in such a way that prevents
direct inversion. This paper presents a novel systematic design
framework and inversion algorithm for TSAs based on their
required performance properties. Firstly, a comprehensive for-
mula to invert the kinetostatic and dynamic models of the TSA
is presented. This inversion finds the TSA-specific properties given
the desired performance properties that are common to most actu-
ators. The solution is iteratively solved from a synthesis of existing
models that account for string compliance, variable TSA radius,
friction, the payload’s inertia, and its linear velocity. Secondly, an
algorithm recommends the most suitable motor and string pair
from a custom-made database. Thirdly, simulations evaluated the
algorithm’s performance under different conditions. Finally, an
open-source graphical user interface (GUI) was created at https:
//unr-smart-robotics-lab.github.io/TSA-Design-Algorithm-GUI/.

Index Terms—Twisted string actuator, Actuator design, Actu-
ator simulator

I. INTRODUCTION

Twisted string actuators (TSAs) have been widely used in
robotic and mechatronic applications because of their high en-
ergy efficiency, linearity, and stress output [1]–[6]. It is crucial
to properly select robotic actuators and artificial muscles to en-
sure adequate performance (The TSA is a transmission system
that some also consider an artificial muscle [1].) The TSA is a
speed reduction mechanism that greatly amplifies force output
using a motor and set of strings [1]. Its performance depends
on the proper combination of these two elements. However,
the translation of a set of desired performance metrics to
a specific motor and string is challenging for non-experts.
Existing literature uses ad-hoc procedures to select the specific
components [1].

A comprehensive design formula could help TSAs spread to
“real-world” robots outside of research studies. For engineers
building tendon-driven systems, design tools can help. For
example, the robotic hand developed for NASA’s Robonaut 2
was driven by spooled-motor tendon-driven actuators (SMTAs)
[7], [8]. TSAs could help reduce the hand’s mass, but it is
challenging for non-TSA-expert engineers to properly select
the TSA’s components.
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Fig. 1. An overview of the proposed strategy to design TSAs. The desired
performance metrics are contraction range ∆X and time ∆t, axial force output
Fz and its profile. Firstly, a suitable string pair with radius R0 is selected,
given the desired string normalized stiffness K. Next, the inverse static model
is used to compute the untwisted and unloaded string length L0 and loaded
string length X0. Next, the time-varying speed ωm and torque τm of the motor
are computed using the inverse dynamic model. Finally, the necessary free-run
speed ωNL and stall torque τs are computed, then the commercially available
motors are selected, considering the motor volume Γ.

Currently, limited work on the selection of robotic artificial
muscles is available. Although [9] studied optimal selection
of artificial muscles, it did not consider motor-based actuators
such as TSAs, cable-driven actuators, and series elastic actu-
ators (SEAs). Optimal designs of motor-based actuators are
actively studied. Previous works either optimized the design
of the motor itself [10]–[12], or optimized other components
used in the motor-based actuators. For example, [13] optimized
the spring design in SEAs, but did not consider the practical
aspect of finding optimal commercially-available components.
Similarly, design optimization of soft actuators [14] and soft
robots [15], [16] is actively studied.

To our best knowledge, models to compute the necessary
TSA parameters for a given set of desired dynamic perfor-
mance metrics have not been studied. Gaponov et al. presented
a TSA design formula [17], but the formula assumed ideal
conditions, such as quasi-static motion and constant axial
force. In applications that require dynamic performance, the
axial load changes over time and affects the expected motor
torque. Given the TSA’s desired performance (contraction
time, contraction range, and force), finding the required motor
parameters (stall torque and free-run speed) is challenging. The
solution is difficult because it requires inversion of models
that contain many nonlinear and coupled variables. Design
of actuators through inverse modeling is a popular approach.
Previous studies have employed such procedures to invert
analytical models [18], finite element models [19]–[21], and
data-driven models [22], to aid the design of actuators and soft
robots. However, in most cases, optimization techniques were
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required to solve the inverse models [18], [20]. The inverse
problem formulated in our study utilized analytical static and
dynamic models to formulate an inverse model which can
be solved without the use of optimization techniques. Our
approach is simpler by leveraging the well-studied models
of the TSA to avoid general inverse-solving and optimization
techniques. The studies [18]–[21] use inverse modeling and
optimization to solve specific problems related to specific,
actuators and soft robots. Similarly, our technique applies
specifically to TSAs.

In this paper, a comprehensive design framework for TSAs
is developed that recommends a motor and pair of strings for a
user, given the desired properties of the TSA. The architecture
of the proposed algorithm is presented in Fig. 1. Firstly, the
desired performance metrics are specified: contraction time,
contraction range, and axial force output. Secondly, based on
the user’s requirements, the algorithm computes the required
motor and string parameters by using physics-based models.
The inverse model is divided into two sub-models: the inverse
static model and inverse dynamic model. Both inverse sub-
models are synthesized from previous findings [17], [23],
[24] and consider variable string radius, string compliance,
payload inertia, and friction. Thirdly, an algorithm finds a
motor from a database whose properties most closely match
the computed parameters and fit the user’s constraints. The
proposed methods are thoroughly analyzed under various con-
ditions. Finally, a graphical user interface (GUI)1 and website2

were developed. The GUI and source code were written in
the proprietary MATLAB software, but users can download
MATLAB Runtime3 for free and run the GUI. The main
contributions of this work are summarized in the following:
• A comprehensive formulation to compute TSA compo-

nent properties: motor stall torque, no-load speed (also
referred to as free-run speed), and strings’ normalized
stiffness. The primary inputs are the contraction range,
time to reach full contraction, time-varying axial force,
initial string radius, initial TSA stiffness, and expected
payload mass.

• An algorithm to recommend components to construct
TSAs with desirable properties from a database of DC
motors and strings constructed for this study. Experiments
verify that this algorithm was effective.

• Publicly available source code and GUI. The GUI was
essential to promote this selection tool to roboticists in
industry and academia.

It is worth mentioning that although our work relies on
existing mathematical formulas for TSAs, the novelty lies
in the procedure for finding the suitable motor and string
pair. The proposed design algorithm is novel because of the
procedure in which the TSA equations are used and the
dynamic performance is considered.

II. REVIEW OF FORWARD TSA MODELS

The list of parameters used in the TSA models are presented

1https://github.com/UNR-Smart-Robotics-Lab/
TSA-Design-Algorithm-GUI

2https://unr-smart-robotics-lab.github.io/TSA-Design-Algorithm-GUI/
3https://www.mathworks.com/products/compiler/matlab-runtime.html
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Fig. 2. The schematic of a twisted string actuator (TSA).

TABLE I
PARAMETERS USED IN TSA MODELS.

Parameter Symbol Unit
Unloaded and untwisted TSA length L0 m
Loaded and untwisted TSA length X0 m
Loaded and twisted TSA length X m

Pre-twist Xp m
Maximum contraction ratio ξ –
Longitudinal string stiffness K N/m

Radial string stiffness Kr N/m
Number of strings N –
Initial string radius R0 m

String radius R m
Motor rotation angle θ m

Motor moment of inertia J N·m2

Motor viscous friction bθ N·m·s
Motor Coulomb friction τc N·m
Payload viscous friction bX N·s/m

Payload Coulomb friction Fc N
Motor torque output τm N·m

Fiber tension in the strings Fs N
Axial force Fz N

Opposing force F N
Expected payload mass M kg

String compliance Cx –
Jacobian (reduction ratio) H –

in Table I, with some of the parameters depicted in Fig. 2. The
length X of the TSA can be expressed as

X =

√
L2

0

(
1+

Fs

K

)2

−θ 2R2, (1)

where L0 is the unloaded and untwisted string/TSA length, Fs
is the fiber tension in the strings, K is the longitudinal stiffness
of a single string normalized to its unit length, θ is the rotation
angle of the motor’s shaft, and R is the radius of the TSA
[23]. Whereas the contraction of the TSA is controlled by the
motor turns, the axial force may cause slight elongation of
the strings. Therefore, Eq. (1) is valid only when the strings
are in tension. R depends on the number of strings N in the
TSA. In this work, N = 2 because that number is the most
common in existing studies [1], [23], [24]. Previous work also
accounted for the initial gap between the parallel strings in
the computation of X [25], but this work assumes that gap is
negligible, which is achievable in practice. The fiber tension
Fs is given by the following equation:

Fs =
FX0

NX
, (2)
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where X0 is the untwisted and loaded length of the TSA [23].
F is the total opposing force from the payload [23]. The TSA’s
radius, which may vary, can be expressed as

R = R0

√
X0

X
, (3)

where R0 is the initial radius of the TSA [17]. The linear speed
of the TSA’s payload, or the TSA’s linear contraction velocity,
Ẋ , can be expressed as:

Ẋ =
θ̇θR2 +θ 2ṘR

X
, (4)

where Ṙ is the time rate of change of the TSA’s radius [17]. In
this work, Ṙ is assumed to be negligible, similar to previous
work [26]. Because Ẋ is defined as the contraction velocity,
it is positive as the strings shorten. The total opposing force
F experienced by the TSA is modeled as

F = MẌ +Fz +bX Ẋ +Fcsgn(Ẋ), (5)

where M is the mass of the TSA’s payload [24]. In [24],
Fz = Mg, where g is the gravitational acceleration. However,
Eq. (5) is valid for any value of Fz. In other words, the load
does not need to hang vertically from the strings. bX and
Fc are the viscous friction coefficient and Coulomb friction
constant, respectively, between the load and its sliding surface
[24]. sgn(·) is the sign function [24]. The torque output of the
motor, τm, is

τm = Jθ̈ +

(
H +

1
2

∂Cx

∂θ
F
)

F +bθ θ̇ + τcsgn(θ̇), (6)

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, and
τc is the Coulombic friction constant of the motor. Dynamic
Coulombic friction coefficients are selected in Eqs. (5) and (6)
because experimental data indicated the presence of hysteresis
[24]. For a detailed derivation of Eq. (6), readers are referred
to [24]. In [17], [23], the Jacobian of the TSA is H =(θR2)/X .
∂Cx/∂θ is modeled as

∂Cx

∂θ
= 2

(
R0

X0−θ 2R2
0

)2(2L2
0−R2

0θ 2

Kr
R0θ

3 +
L3

0
K

θ

)
, (7)

where Kr and K are the radial and longitudinal normalized
stiffnesses of the strings, respectively [24]. The Jacobian H,
which relates the linear contraction velocity Ẋ of the TSA,
with the motor speed θ̇ , is derived from Eq. (4), where the rate
of change of radius Ṙ is assumed to be small and therefore
negligible. The Jacobian is also referred to as the reduction
ratio of the TSA [26].

III. OVERALL DESIGN FRAMEWORK

This section details the design framework for suitable TSA
component selection. Given a set of user-specified require-
ments, the goal is to find a suitable motor and pair of strings.
The design framework is shown in Fig. 1. Firstly, the user
needs to specify the following TSA performance metrics:

• ∆t: The time during which the TSA can go from the fully
un-actuated state (the motor angle θ = θmin) to the fully-
actuated state (θ = θmax).

• ∆X : The linear contraction that the TSA can achieve
between θ = θmin and θ = θmax.

• The axial force (Fz) exerted on the TSA. The user must
specify the initial force (Fz,0), the final force (Fz,max),
and the force profile of Fz over the actuator’s range.
Linear, parabolic, and randomly-varying force profiles
are considered in this work. The force profile can be
determined according to the particular application of the
TSA.

The desired motor properties are also optional to be speci-
fied by the user: nominal motor voltage Vd , ideal volume Γd ,
maximum volume Γmax, maximum mass Ψmax, and maximum
price Ωmax. The desired normalized stiffness, K, of the string is
also specified by the user as either a minimum or a maximum.

In the first step, the inverse static model computes the string
properties and selects a suitable string. In the second step,
the inverse dynamic model uses the given inputs and results
of the inverse static model to compute the motor properties,
namely the no-load motor speed ωNL and the stall torque τs.
The inverse static model can be solved directly, but the inverse
dynamic model must be iteratively computed. The solutions to
the inverse static and inverse dynamic models are unique and
no randomization occurs. The algorithm stops when the first
suitable solution is found, within a specified error tolerance,
ε .

An ordinary differential equation (ODE) solver was consid-
ered, but would be impractical to use, due to the structure of
the TSA’s kinetostatic and dynamic models. If an ODE solver
were to be used, there would be two sets of ODEs to solve: one
for the angular dynamics (containing θ ) and one for the linear
dynamics (containing X). However, these equations would be
coupled by Eq. (1) and Eq. (4). Additionally, Eq. (1) and Eq.
(2) are coupled by Fs and X . Eq. (1) and Eq. (3) are coupled
by R and X . These complexities would make existing ODE
solvers impractical to use.

To enhance accuracy, in this study the following physical
behaviors are considered: finite string stiffness, variable TSA
radius, payload inertia, and payload friction. In the last step,
a suitable motor is recommended by using the results of the
previous steps.

IV. TSA DESIGN ALGORITHM

The inverse TSA model consists of (1) the inverse static
model and (2) the inverse dynamic model, which compute the
string properties and motor properties, respectively.

A. Selection of Strings

The first step in the design of the TSA is to select the type of
string, based on the desired stiffness of the TSA. A database of
strings was developed whose normalized stiffnesses were ex-
perimentally measured. Each entry in the developed database
of strings for constructing TSAs contains the string’s material,
radius, and normalized stiffness. The normalized stiffness of
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each string was determined by applying a sequence of mono-
tonically increasing and decreasing quasi-static loads to the
string. The stiffness (in N/m) was computed by fitting a first-
order polynomial to the strain–force measurements at each
load. That stiffness was normalized to the string’s unloaded
length, as in [27]. Some entries in the string database are
from previous studies [17]. To find the best string pair for
a given longitudinal stiffness, the absolute difference between
the desired longitudinal stiffness value and the stiffness of each
string in the database is computed:

di = |Ki−Kc|, (8)

where di is the absolute difference between the ith database
entry and the ideal string, Ki is the normalized longitudinal
stiffness of the ith database entry, and Kc is normalized
longitudinal stiffness specified by the user. The database entry
whose di value is the least is selected in the TSA design.
Additionally, the database is filtered such that stiffness values
that are too large or too small or removed. If the selected Kc is
a maximum, then all Ki > Kc are removed from the database.
If Kc is a minimum, then all Ki < Kc are removed from the
database. For the subsequent analysis, the longitudinal stiffness
value K, and the initial radius value R0 of the selected string
will be used.

B. Inverse Static Model

Given the desired TSA performance metrics, the inverse
static model computes the unloaded and untwisted string
length L0, as shown in Fig. 1. The untwisted and loaded length
X0 is computed from the contraction ratio ξ and the desired
contraction amount ∆X . TSAs can contract by 30–40% with
respect to their untwisted length [1], [27]. Therefore, in this
work ξ is chosen to be 0.7.

Firstly, X0 is computed as X0 = ∆X/ξ and the normalized
stiffness K is specified by the user. Next, L0 is determined as:

L0 = X0/(1+Fz,0/(NK)), (9)

where Fz,0 is the axial force when the TSA is untwisted and
K is the normalized stiffness of the string.

Next, the initial motor angle based on the desired pre-twist
is computed by inverting the kineto-static TSA model:

θmin =
1

R0

√
X2

0 − (X0−Xp)2, (10)

where Xp is the desired pre-twist in terms of the TSA’s length.
The minimum motor angle is denoted by θmin. This variable
is the minimum angle by which the TSA will twist during its
main operation.

C. Inverse Dynamic Model

As shown in Fig. 1, the goal of the inverse dynamic model
is to compute the angular speed ωm and torque τm of the motor
such that the TSA can produce the desired performance. ωm
must be computed first, from which other TSA properties are
obtained that are then used to compute τm. In particular, the
computation of τm requires F , θ̇ , and Ẋ , which are computed
in the proposed Algorithm 1. In Algorithm 1, obtaining ωm

Algorithm 1: Algorithm to determine the motor ve-
locity ωm.

Variables to Compute: ωm, F , θ̇ , Ẋ ;
Input: ∆t, ∆X , Fz,0, Fz,max, force profile, R0, M, ε , ρ ,

m, lmax, bX , Fc, N;
Initialize tc,max, m ∈ N; ε , ρ ∈ R+, k ∈ N0; k ≤ m;
for k = 0 do

t[k] = 0, θ [k] = 0, θ̇ [k] = 0, X [k] = X0, R[k] = R0,
Fz[k] = Fz,0, Fs[k] = Fz,0/N, F [k] = Fz,0, Ẋ [k] = 0,
and Ẍ [k] = 0;

end
Initialize the iteration counter l = 1;
Compute θmin using Eq. (10);
Estimate θmax using Eq. (11);
θ̇p[l = 1] = (θmax−θmin)/∆t;
while tc < tc,max do

for k = 1 : m do
t[k] = t[k−1]+∆t/m;
θ̇(t[k]) = θ̇p(1− e−t[k]/κ);
Compute θ(t[k]) using Eq. (13);
Compute X [k] using Eq. (1);
if The force profile is linear then

Compute Fz[k] using Eq. (14);
end
if The force profile is parabolic then

Compute Fz[k] using Eq. (15);
end
if The force profile is randomly-varying then

Fz[k] is a random value uniformly
distributed between Fz,0 and Fz,max;

end
Compute R[k], Ẋ [k], F [k] using Eqs. (3), (4),

and (5), respectively;
Ẍ−[k] = Ẋ [k]−Ẋ [k−1]

t[k]−t[k−1] ;
if k ≥ 5 then

Ẍ [k] = 1
5 ∑

k
i=k−4 Ẍ−[i];

else
Ẍ [k] = Ẍ−[k];

end
end
if |X0−min(X)−∆X |> ε then

s = ρ · (X0−min(X)−∆X);
θ̇p[l +1] = θ̇p[l]+ s;

else
Exit the while loop;

end
l← l +1;

end
ωm← θ̇p[l];
return ωm, F, θ̇ , Ẋ

requires two layers of iterative computations. In the outer layer
(the while loop), the peak motor speed θ̇p is adjusted until
the TSA achieves contraction ∆X in time ∆t. In the inner
loop (the for loop), the TSA’s coupled nonlinear properties
are found at each time step. The outer layer of iterations are
required because the motor’s speed varies. Firstly, under short
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contraction times, the motor velocity’s time constant (under
step voltage input) may be comparable to ∆t. Secondly, the
motor must decelerate as the TSA approaches ∆X . Otherwise,
overshoot may cause the TSA to form a knotted and entangled
structure [28].

1) Outer Loop (Adjustment of Peak Motor Speed): An
initial guess is made for θmax by rearranging Eq. (1):

θmax =
1

Rmax

√
L2

0

(
1+

Fs,max

K

)2

−X2
min, (11)

where for each variable, the subscripts max and min denote
the maximum and minimum values, respectively. Xmin =
X0−∆X−Xp, Rmax is computed using Eq. (3), and Fs,max is
computed using Eq. (2). Due to the changing axial load F
on the TSA, dynamic simulations reveal that the actual θmax
differs slightly from the result of Eq. (11). Other guesses for
θmax could be used, but would likely decrease the convergence
speed. For example, our simulations revealed that the guess
using Eq. (11) led to faster convergence compared to a guess
that assumed constant radius and infinite string stiffness. Using
the guessed θmax, the peak motor speed θ̇p is estimated as
θ̇p = (θmax−θmin)/∆t. Then, θ̇ is computed at every time step
by modeling the angular speed as a first-order system:

θ̇(t) = θ̇p(1− e−t/κ), (12)

where e is Euler’s number and κ is the motor’s time constant.
In this work, κ is assumed to be 0.01 s, but in the GUI, this
value may be changed by the user. A greater number for κ

would lead to a more conservative motor selection. Next, θ(t)
is computed through cumulative numerical integration using
the trapezoidal rule for a domain discretized into k equal pieces
[29]:

θ(tk) = δt

(
k−1

∑
i=1

θ̇(ti)+
θ̇(tk)+ θ̇(t0)

2

)
, (13)

where δt = ∆t/m is the constant spacing between the discrete
time values, and m is the level of discretization. The initial
time is t0 = 0 s.

2) Inner Loop (Computation of Coupled Variables): As
shown in the for loop in Algorithm 1, the following variables
are computed at every time step:

1) X(θ ,R,Fs): the length of the TSA.
2) Fz(X): the externally applied axial force.
3) R(X): the varying radius of the TSA.
4) Ẋ(θ ,X ,R): the linear contraction speed of the strings.
5) Ẍ(Ẋ , t): the linear acceleration of the payload.
6) F(Fz, Ẍ , Ẋ): the total opposing force from the payload.
7) Fs(F,X): the tension in the individual strings.
These variables need to be iteratively computed because

they are strongly coupled, as shown in Fig. 3. According to
Algorithm 1, X [k] is the first variable to compute inside the
for loop. For this, Eq. (1) is used by substituting Fs[k−1] and
R[k−1] because both Fs[k] and R[k] are unknown at time index
k. Fz[k] is computed next. Although Fz = Mg in [24], in this
work Fz is generalized as Fz = f (X), where f (X) depends on
the specified force profile. For a linear force profile,

Fz = f1(X) =

(
Fz,max−Fz,0

X0−Xmin

)
(X−X0)+Fz,0, (14)

Fig. 3. The block diagram showing complex couplings between variables of
the TSA. z represents the unit time delay operator.

A parabolic force profile may be experienced if the TSA’s
payload is fixed to a nonlinear spring. In that case,

Fz = f2(X) =

(
Fz,max−Fz,0

(X0−Xmin)2

)
(X0−X)2 +Fz,0. (15)

A constant force profile can be specified by setting Fz,0 =
Fz,max, in either Eqs. (14) or (15). Uniformly distributed
randomly varying force profiles between Fz,0 and Fz ,max were
also tested.

Next, the linear velocity Ẋ of the payload is computed using
Eq. (4) and the variables at time index k. Next, F is computed
using Eq. (5). For this step, Ẍ must also be estimated. θ̇ ̸= 0,
so Ẍ ̸= 0 because of the nonlinear relationship between θ and
X . Because the analytical derivation of Ẍ is too complicated,
Ẍ is estimated using the backward difference method. To
eliminate noise due to numerical differentiation, a simple
moving average filter was used. This filtering did not affect
the motors that were selected. Firstly, the a priori estimate of
Ẍ was computed using the backward difference method:

Ẍ−[k] =
Ẋ [k]− Ẋ [k−1]
t[k]− t[k−1]

, (16)

where Ẍ−[k] is the a priori estimate of the linear acceleration.
This acceleration is then updated using the previous five
values:

Ẍ [k] =
1
5

k

∑
i=k−4

Ẍ−[i]. (17)

If k < 5, then Ẍ [k] = Ẍ−[k]. There is no existing formula
for Ẍ in the TSA literature. Because the variables are highly
discretized over the TSA’s actuation cycle, the approximated
acceleration introduced negligible error.

The actual contraction (X0−min(X)) is then checked on
its closeness to ∆X within a small tolerance ε > 0. If |(X0−
min(X))− ∆X)| > ε , θ̇p is updated such that θ̇p ← θ̇p + s,
where s= ρ ·(X0−min(X)−∆X) and ρ > 0 is a constant gain.
The solution will converge when ρ is properly chosen because
Ẋ will monotonically change in the same direction that θ̇p
changes, according to Eqs. (4). As Ẋ increases, and holding
∆t constant, min(X) decreases. It is noted that extremely high
values of ρ may cause (X0−min(X))−∆X) to diverge, similar
to how extremely high proportional gains in a feedback control
system can de-stabilize the output [30]. To guarantee an exit
condition, the while loop in Algorithm 1 may repeat only
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for a pre-specified amount of time, tc,max. Note that ωm is a
scalar quantity and it takes the value of θ̇p obtained in the
final iteration (Algorithm 1).

3) Torque Computation: After computing F at every time
step, the required motor torque is estimated using Eqs. (6)
and (7). This requires computation of θ̈ by numerically
differentiating θ̇ with respect to t.

D. Selection of Motor

To select a suitable motor, the stall torque τs and no-load
speed ωNL need to be computed. To prevent damage, motor
vendors often recommend the current to a DC motor be limited
to “25% or less of the stall current” [31]. Since torque and
current are directly proportional, we limit the maximum torque
to be 20% of the stall torque. The choice to limit the maximum
motor torque to 20% of the stall torque ensured that the
motor operated closer to its free-run speed. In other words,
the operation at 20% of stall torque is equivalent to 80%
of its free-run speed. Because this decision is a subjective
preference, the user may edit this value in the GUI. For
example, the user may choose to a select a motor whose
maximum output will be 50% (instead of 20%) of its stall
torque.

τs ≥ τs,d = 5 ·max(τm), (18)

where τs is the actual stall torque of the selected motor and
τs,d is the desired stall torque. At τs, the angular speed ωs = 0.
Next, the corresponding minimum no-load speed ωNL of the
motor is computed. For this step, it is approximated that at
ωNL, the corresponding torque τNL ≈ 0. Based on the linear
relationship between torque and angular speed in DC motors
[31], the required no-load speed is computed as follows:

ωNL ≥ ωNL,d =

(
ωm

τs,d−max(τm)

)
τs,d , (19)

where ωNL is the no-load speed of the selected motor and
ωNL,d is the desired no-load speed. A motor database is con-
structed for this study, which contains 325 brushed, brushless,
and servo motors from vendors including Polulu, ServoCity,
and Mouser. To suggest a suitable motor, the normalized
Euclidean distance di of the motor i is computed as:

di =

√
w1

(
ωNL,i−ωNL,d

σω

)2
+w2

(
τs,i− τs,d

στ

)2
+w3

(
Γi−Γd

σΓ

)2
,

(20)
where di quantifies the difference of the ith motor’s properties

from the desired motor properties. σω , στ , and σΓ are the stan-
dard deviations of the original features from the database. The
normalization was performed to prevent different parameters
from having disproportional effects on the computation of d.
The variables w1, w2, and w3 are scalar weights chosen by
the user that apply to ωNL, τs, and Γ, respectively. All scalar
weights are constrained in the GUI to be between 0 and 1.
For example, setting w1 = 1 while w2 = w3 = 0 would cause
ωNL to be the only metric considered in the motor selection.
The goal of this study was not to maximize τs or ωNL per se,

TABLE II
VALUES CHOSEN FOR THE NUMERIC EXAMPLE.

Parameter Symbol Value Unit
Desired Performance Metrics

Time to reach full contraction ∆t 2 s
Contraction range ∆X 0.10 m

Axial force at zero twists Fz,0 10 N
Axial force at maximum twists Fz,max 25 N

Force profile – linear –
Motor Properties and Constraints

Nominal voltage (optional) Vd 12 V
Ideal volume (optional) Γd 0 mm3

Maximum volume (optional) Γmax 1×105 mm3

Maximum mass (optional) Ψmax 200 g
Maximum price (optional) Ωmax 100 USD

User-Specified Constants
String radius R0 1×10−3 m

Initial TSA stiffness S0 7000 N/m
Expected payload mass M 1 kg

Pre-twist Xp 0 m
Algorithm Constants

Contraction tolerance ε 1×10−3×∆X m
Proportional step size gain ρ 60 rad/m/s

Level of discretization m 1000 elements
Time limit tc,max 10 s

Assumed Parameter Values
Motor moment of inertia J 1×10−7 N·m2

Motor viscous friction bθ 2×10−5 N·m·s
Motor Coulomb friction τc 2×10−3 N·m
Payload viscous friction bX 10 N·s/m

Payload Coulomb friction Fc 1 N
Motor time constant κ 0.01 s

Maximum contraction ratio ξ 0.3 –
Radial string stiffness Kr 1.2×104 N/m

Number of strings N 2 –

because that could unnecessarily lead to bulkier, heavier, or
more costly motors.

After computing di using Eq. (20), the database is sorted
and up to five motor models with the five least distances
from the desired motor properties are suggested for use. Once
the database is sorted in order of increasing d, all motors
with τs < τs,d from Eq. (18) and ωNL < ωNL,d from Eq. (19)
are eliminated from the sorted list. Similarly, all motors with
volume Γ>Γmax, cost Ω>Ωmax, mass Ψ>Ψmax, and nominal
voltage V ̸=Vd are eliminated from the list.

Our algorithm was designed such that no motor is selected
whose speed and torque were less than the required values.
For any application, the speed and torque are mission-critical.
In some scenarios, the motor volume is also mission-critical,
such as in designing wearable devices. If volume is not crucial,
then the purpose of Eq. (20), is to prevent “over-design.” It
is possible to select extremely fast and high-torque motors,
but these motors may consequently be extremely heavy or
voluminous. If after the elimination, no suitable motors are
left, the GUI instructs the user to modify the constraints for
volume, mass, or price. If still no motors are left, the user
is asked to modify the performance criteria (contraction time,
contraction range, and force output).

V. ALGORITHM PERFORMANCE

Simulation results were obtained using the parameters from
Table II, MATLAB R2021b and an 11th-generation Intel Core-
i7-119567 processor with a clock speed of 2.90 GHz. The
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Fig. 4. Simulations to analyze the performance of the algorithm under various conditions. (a)–(d): The convergence of Algorithm 1 for one set of inputs
with varying step-size gains, ρ . (a) The convergence of Algorithm 1 for ρ = 10−4, ρ = 10−3, ρ = 10−2, ρ = 10−1, (b) ρ = 10, ρ = 100, and (c) ρ = 500.
(d) The correlation between ρ , the required iterations l, and the computation time tc. (e)–(f): Analysis of the motor selection algorithm for one set of inputs.
(e) The database entries whose τs ≤ 15 kg·cm and ωNL ≤ 1×105 revolutions per minute (RPM). (f) The comparison of the ideal torque–speed curve to those
of the most suitable motors from the database.

values in Table II were taken from previous work on dynamic
modeling of TSAs [24]. In order to make the values conserva-
tive, they were rounded up and (in some cases) increased by a
factor of 10. This was done to enable the selection of a motor
which would not be bound to failure. Table II also contains the
values necessary to run Algorithm 1: the desired performance
metrics, user-specified constants, algorithm constants, and
assumed parameter values, and defines variables for the motor
selection.

For simulations that tested a range of inputs, the parameters
from Table II were still used, except six inputs were modified:
∆t, ∆X , Fz,0, Fz,max, K, and the force profile. The variables
were uniformly distributed and randomly-varying within the
following limits:
• 0.2s≤ ∆t ≤ 10s
• 0.1m≤ ∆X ≤ 0.3m
• 0N≤ Fz,0 ≤ 20N
• Fz,0 ≤ Fz,max ≤ Fz,0 +10N
• 100N≤ K ≤ 500N
• The force profile was either linear, parabolic, or a set of

uniformly distributed random values.

A. Optimal Step Size Gain for a Single Input

Firstly, the optimal step size gain for a single input was
obtained. As shown in Fig. 4(a)–(c), six values of ρ were
tested: ρ = {10−4,10−3,10−2,10−1,10,102,5×102,105}. Fig.
4(a) shows the convergence of the algorithm for when 10−4 ≤
ρ ≤ 10−1. During this simulation, the computation time was

limited to tc ≤ 100 s. The convergence is represented in the
form of X0 − X(end)− ∆X , where X(end) is the value of
X when the motor angle θ is maximum. The condition for
convergence was defined as X0−X(end)−∆X ≤ ε . Here, ε

denoted very small values. The condition translated to the
algorithm converging because the desired linear contraction
has become close enough to the simulated linear contraction.
For 10−4 ≤ ρ ≤ 10−1, the algorithm converged more quickly
as ρ increased. No overshoot occurred for ρ in this range.
For ρ = 10−2 and ρ = 10−1, the algorithm converged after
1.5405× 105 and 1.5404× 104 iterations, respectively. For
ρ = 10−3 and ρ = 10−4, the algorithm did not converge within
the time limit of 100 s.

Fig. 4(b) shows the convergence of Algorithm 1 for ρ = 10,
ρ = 100, and ρ = 500. The convergence occurred much more
quickly relative to in Fig.4(a). For ρ = 100 and ρ = 10, there
was no overshoot. However, for ρ = 500, many oscillations
took place until convergence. For ρ = 100, the algorithm
converged after only 14 iterations. For ρ = 10 and ρ = 500,
Algorithm 1 converged after 153 iterations and 85 iterations,
respectively. In contrast, Fig. 4(c) shows a value of ρ that
clearly caused the algorithm to diverge. After 35,805 iterations,
X0−X(end)−∆X =−2.14×109 m. The observations in Fig.
4(a)–(c) motivate the search for an optimal ρ that required
the lowest number of iterations to converge. To obtain Fig.
4(d), a simulation was conducted during which 538 different
ρ values were tested with Algorithm 1. For each test, the
iterations to convergence (l) and the contraction time tc was
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Fig. 5. Results from a simulation of n = 1,000 uniformly-distributed randomly-varying inputs. (a) The frequency of the computation times. (b) The frequency
of the desired (required) and selected stall torque values, τs,d and τs, respectively. The frequency of the desired (required) and selected free-run speed, ωNL,d
and ωNL, respectively.

recorded. During this simulation, the following sets of ρ values
were tested. All units are in rad/m/s.

1) 0.005≤ ρ ≤ 0.009; uniform spacing of 0.001.
2) 0.01≤ ρ ≤ 0.09; uniform spacing of 0.01.
3) 0.1≤ ρ ≤ 0.9; uniform spacing of 0.1.
4) 1≤ ρ ≤ 515; uniform spacing of 1.

As mentioned earlier, during this simulation, the computation
time tc was limited to tc ≤ 100s. As shown in Fig. 4(d), the
computation time was approximately linear with the maximum
iterations. There was also minor amounts of noise in tc. This
was likely due to factors besides the algorithm itself, such as
background processes running on the computer. The optimal
ρ value (global minimum within the tested range) in this
range was ρopt = 328, for which Algorithm 1 converged after
only two iterations. The plots in Fig. 4(d) were approximately
symmetrical (as opposed to skewed) about the vertical line
ρ = ρopt . In other words, an increase or decrease in ρ by a
given magnitude led to approximately the same increase in
the computation time. A local minimum for l may also be
observed for ρ = 276, for which Algorithm 1 converges after
only 3 iterations. The cause for this local minimum may be
investigated in future work; it may be due to the nonlinearities
in the TSA dynamic model.

B. Motor and String Selection for a Single Input

Thirdly, the algorithm was used to find a suitable motor
and string pair from the database. Firstly, a suitable string pair
was found by using the static model. Based on the input from
Table II, a UHMWPE string with a radius of R0 = 1.0 mm,
unloaded length of L0 = 32.97 cm, and normalized stiffness
of K = 453 N was selected. Then, a suitable motor was
found by using the dynamic model. To achieve the desired
performance metrics, the motor required a peak rotational
speed of θp = 112.6 rad/s and a peak torque of 24.6 mN·m.
Using Eqs. (18) and (19), these led to a no-load speed and
stall torque of ωNL,d = 1,344 RPM and τs,d = 1.25 kg·cm,
respectively.

To select a motor, the following properties and constraints
were imposed:
• Ideal volume, Γd = 0 mm3.
• Maximum volume, Γmax = 1×105 mm3.

• Maximum mass, Ψmax = 200 g.
• Maximum price, Ωmax = 100 USD.
• Nominal voltage, Vd , was not constrained.
The motor torque, free-run speed, and volume were also

equally weighted in computing the Euclidean distance. Fig.
4(e) shows the possible motors, without considering the “Mo-
tor Properties and Constraints” in Table II. For the current
database of motors, σω = 7.15×103 RPM, στ = 59.54 kg·cm,
and σΓ = 2.87× 105 mm3. Only two motors fit those con-
straints, as highlighted in Fig. 4(e). Fig. 4(f) shows the torque–
speed curves of those two motors. The motor corresponding
to min(d) is Pololu #4841, whose τs = 1.7 kg·cm, ωNL =
2.20×103 RPM, Γ = 3.94×105 mm3, Ψ = 95 g, Ω = 39.95
USD, and d = 0.175. Because ωNL > ωNL,des for this motor,
a contraction time of ∆t = 1.47 s was achieved, keeping all
other parameters unchanged. The next best motor is Pololu
#4757, whose d = 0.297. The top two motors appear to have
similar distances in Fig. 4(e) because that figure does not show
the volume. Motor #4757’s volume of Γ = 8.90×105 mm3 is
much larger.

For comparison, a motor is randomly selected from the
database whose volume, mass, and cost are within the con-
straints in Table II. For this motor (ServoCity #638366), τs =
5.7 kg·cm, ωNL = 3.5× 102 RPM, and Γ = 3.45× 105 mm3.
Because of its low speed, ∆t is computed to be 7.34 s. This
motor is not desirable since it was required that ∆t ≤ 2 s. The
normalized distance for this motor is much higher, d = 21.34.

C. Motor Selection for an Input Range

The TSA dynamic model and resulting motor selection was
analyzed for n = 1,000 randomly-generated inputs. Results
from this simulation are shown in Fig. 5. During this simula-
tion, the while loop in Algorithm 1 was exited if convergence
did not occur not within tc = 10 s. Using ρ = 60, a histogram
of the computation times are provided in Fig. 5(a). Note that
Fig. 5(a) displays the frequencies of tc ≤ 0.5 s. There were
only four trials in which tc > 0.5 s. There was one trial in
which tc = 2.35s, and three trials for which Algorithm 1 did
not converge. In 99% of trials, tc ≤ 0.311 s.

Fig. 5(b) and Fig. 5(c) show the distributions of the stall
torque (τs) and free-run speed (ωNL), respectively. The top
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Fig. 6. Analysis of the system outputs when the inputs are “perturbed” by ±50% of their nominal values. Six simulations were conducted. During each
simulation, one variable was varied by ±50% of a nominal value. The changes in the required stall torque and required free-run speed were then computed.
(a) Changes in stall torque and free-run speed due to changes in contraction time (∆t) and (b) contraction range (∆X). (c) Changes in stall torque and free-run
speed due to changes in the minimum axial force Fz,0, (d) maximum axial force Fz,max, and (e) normalized stiffness K. (f) The percentage change in stall
torque and free-run speed for each variable.

sub-figure in Fig. 5(b) shows the frequencies of the required
stall torques (τs,d), whereas the bottom sub-figure shows the
frequencies of the stall torques of the recommended motors
(τs). In 90% of trials, τs,d ≤ 3.94kg·cm. During only 1%
of trials was τs,d ≥ 23.54kg·cm. For the stall torques of the
selected motors, τs ≤ 7.7 kg·cm in 90% of trials. In 1% of
trials was τs ≥ 48.0 kg·cm.

The top sub-figure of Fig. 5(c) shows the frequencies of
the required no-load speeds (ωNL,d), whereas the bottom sub-
figure shows the frequencies of the free-run speeds of the rec-
ommended motors (ωNL). In 90% of trials, ωNL,d ≤ 3.96 RPM.
In 1% of trials was ωNL ≥ 23.55 RPM. The speeds of the
selected motors were significantly higher. In 90% of trials,
ωNL ≤ 4,000 RPM. In 1% of trials, ωNL ≥ 10,000 RPM.
This suggests that, in general, the TSA can achieve much
shorter contraction times (∆t) than were originally specified.
The discrepancies in magnitudes between ωNL,d and ωNL are
also a consequence of the particular motors that were entered
into the database.

D. Effects of Individual Inputs

Fig. 6 shows the effects on τs,d and ωNL,d due to adjustments
of six inputs from Table II (∆t, ∆X , Fz0, Fz,max, and K) by
±50% of their respective values. For each sub-plot in Fig. 6,
only one variable was changed while all of the other variables
were held at their values from Table II. The purpose of this
simulation was to show that the changes in τs,d and ωNL,d were
“smooth.” In other words, small changes in each individual
input parameter led to small changes in τs,d and ωNL,d . This

would mean that small changes in the input values would not
dramatically affect the particularly selected motor. Fig. 6(a)
and 6(b) show the changes in τs,d and ωNL,d due to changes
in ∆t and ∆X , respectively. The plots in Fig. 6(a)–(b) resemble
horizontal parabolas. As ∆t increases, ωNL,d and τs,d decrease.
As ∆X increases, ωNL,d and τs,d increase. These changes in
ωNL,d and τs,d are because the motor must spin at a faster rate;
the TSA’s linear contraction speed must increase.

Fig. 6(c), (d), and (e) show the changes in τs,d and ωNL,d due
to changes in Fz,0, Fz,max, and K, respectively. As Fz,0 and Fz,max
increased, τs,d and ωNL,d increased in an approximately linear
fashion. However, the changes in τs,d and ωNL,d displayed a
“sawtooth-like” upward trend. The cause of this behavior may
be investigated in future work. As K increased, τs,d and ωNL,d
decreased in manner similar to a parabola or exponential decay
function.

VI. EXPERIMENTAL VERIFICATION

Experiments were conducted to verify the design algo-
rithm and model of the TSA. Firstly, a set of desired per-
formance metrics were chosen: ∆t = 6.7 s, ∆X = 0.0337 m,
Fz,0 = 9.81 m/s2, Fz,max = 9.81 m/s2, K = 500 N, X0 = 0.23 m,
and R0 = 0.19 m.

The “Assumed Parameter Values” from Table II were used.
Using the given metrics, the following outputs were re-
turned: L0 = 0.2278 m, θmax = 93.75, ∆tsim = 6.702 s, ∆Xsim =
0.03367 m, τp = 4.179 mN·m, ωp = 840.8 RPM, ωNL =
1051 RPM, and τs = 20.89 mN·m. The simulation converged
in 412 iterations lasting 0.1219 s.
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(a) (b) (c)

Fig. 7. Experimental verification of the design algorithm. (a) The motor angle versus length of the TSA during the experiment and simulation. (b) The
length and motor angle plotted versus time for the experiment and simulation. (c) The length error and motor angle error versus time.

Based on the speed and torque, the following motor was
selected: Pololu #3072 with ωNL = 1100 RPM and τs =
44.1mN·m. An experiment was then conducted to determine
if the desired ∆t and ∆X could be achieved using this motor.
Results are provided in Fig. 7. As shown in Fig. 7(a), the
length–motor angle correlation in the experiment matches the
model with high accuracy. Most crucial are that (1) the overall
changes in length and motor angle are approximately the same
and (2) the TSA is able to output the desired force. Another
important aspect is that the simulated rotational and linear
speeds of the TSA match during experiment and simulation.
To that point, Fig. 7(b) shows the simulated and experimental
metrics versus time. The error magnitude at each timestep is
provided in fig. 7(c). At every timestep, the motor angle during
the experiment deviates from the simulated motor angle by no
more than 6.36 rad, the maximum error during the experiment.
The maximum error of the length was 1.8 mm. The average
(arithmetic mean) errors for the motor angle and length were
2.13 rad and 0.885 mm. These results are evidence of that
design algorithm’s utility.

VII. LIMITATIONS

The design algorithm presented in this paper permits use by
those who are interested, yet inexperienced, in using TSAs.
Although the comprehensive simulation study demonstrated
the effectiveness of the presented formulation, the algorithms
presented in this paper have limitations. Firstly, it is difficult
to obtain accurate values for parameters such as friction
coefficients, radial string stiffness, and even string radius.
However, the alternative (as in most studies) of approximating
these values as zero could underestimate the required motor
torque. Therefore, the best option is to use conservative
estimates. Similarly, the proposed algorithm relied on theo-
retical TSA models. Although these models have been proven
effective in previous literature [17], [23], uncertainty in the
parameter estimations (such as the string radius) can lead
to inaccurate outputs. Secondly, the formulation considered
only two strings in the TSA design. Considering a greater
number of strings would change the formulation of the inverse
algorithm. Thirdly, extreme limits on the possible inputs for
force, contraction time, and contraction range were not found.
A potential consequence of specifying extremely large inputs

(or small contraction time) would be that no motor exists to
fit the requirements. Especially if power/energy consumption
constraints are imposed, it is possible that no solution is
physically possible, let alone commercially available. Lastly,
a relatively small motor database was used for the pur-
pose of this study. Because of the size of our database (<
500 entries), we avoided computationally-expensive machine
learning-based approaches to find the optimal motor.

VIII. CONCLUSION AND FUTURE WORK

In this study, a comprehensive framework is developed
to recommend suitable TSA components. Firstly, the inverse
models are constructed with the knowledge of string compli-
ance, variable radius, payload inertia, and friction. As primary
inputs, the formulation takes the desired performance metrics,
namely the contraction range, time to reach full contrac-
tion, time-varying axial force, and string stiffness, which are
common to most actuators. The outputs are the parameters
specific to the TSAs namely, the string stiffness, no-load motor
speed, and stall torque. Secondly, an algorithm is developed to
select suitable components from a database of commercially
available strings and motors. Thirdly, a detailed simulation
study is presented to show the effectiveness of the proposed
methods. Lastly, a graphical user interface (GUI) was created
such that users can easily use the algorithm.

Future improvements will be made in the following aspects:
Firstly, the design process will use an optimization algorithm
to minimize energy consumption and contraction time while
maximizing force output and contraction range. Secondly, for
greater accuracy, Ẍ could be analytically differentiated instead
of numerically differentiated.
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