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Abstract— This study proposes a technique to estimate the
output state of twisted string actuators (TSAs) based on
payload’s acceleration measurements. We outline differential
kinematics relationships of the actuator, re-formulate these into
a nonlinear parameter identification problem and then apply
linearization techniques to efficiently solve it as a quadratic
program. Using accurate estimates of string parameters ob-
tained with the proposed method, we can predict TSA position
with sub-millimeter accuracy via conventional kinematic rela-
tionships. In addition, the proposed method supports accurate
estimation under varying operating conditions, unpredictable
perturbations, and poorly-excited trajectories. This technique
can be employed to improve the accuracy of trajectory tracking
when the use of direct position measurements is challenging,
with the list of potential applications including flexible and soft
robots, long-span cable robots, multi-DOF joints and others.

Keywords: Tendon/Wire Mechanism; Calibration and
Identification; Kinematics

I. INTRODUCTION

Twisted string actuator (TSA) is a unidirectional tendon-
driven actuator in which a string (cable) is attached coaxially
to a motor shaft. Motor twisting causes the string to contract
and pull the load attached to its other end towards the motor,
which makes the string act as a rotary-to-linear transmission
mechanism. In the past two decades, this type of actuator
technology has found application in various research and
engineering areas which include compliant exoskeletons and
wearable robots [1], [2], active joints and motion generation
mechanisms [3], [4], [5], robotic muscles [6], [7], robotic
hands [8], haptic interfaces [9] and many others.

In most applications, TSAs employ some kind of load-
side position sensors (optical and magnetic linear encoders,
potentiometers, etc.) to measure the end-effector’s position.
Having this feedback is important because string’s parame-
ters, especially the radius, can vary significantly during op-
eration. These parameter variations, coupled with significant
compliance of twisted stings, can make the TSAs extremely
challenging to control precisely in the open-loop mode,
unlike most rigid transmission mechanisms. However, the
use of load position sensors often requires their sensitive
or mechanical elements to remain straight during operation,
imposing additional constraints on TSA applications and
cancelling out one the most important advantages of all
cable-driven systems - namely, their flexibility. Therefore,
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it is highly desirable to propose a way to estimate the end-
effector’s position with satisfactory accuracy while not using
any sensors that require rigid coupling between the motor and
the payload. Such position estimation technique will help
TSAs find their way into previously prohibitive applications,
for instance, the ones involving significant misalignments
between the payload’s axis of motion and that of the motor
shaft.

In one of our previous works, we used a load-side position
sensor and motor encoder to evaluate twisted string kinemat-
ics and accurately estimate its Jacobian [10]. In this paper,
we extend this estimation method to the case when payload’s
acceleration is measured instead of position. In modern
robotic systems, acceleration measurements are customarily
obtained with the help of inertial measurement units (IMUs).
In recent decades, IMUs have been widely adopted for
various robotic applications that require online posture es-
timation, including drone stabilization and control, head and
tool tracking, exoskeletons, navigation and many others [11].
However, direct numerical integration of the acceleration
measurements can not provide precise position estimates due
to significant sensor noise and biasing problems. Therefore,
one needs to use some indirect estimation methods (e.g.
Kalman filter or observers) to obtain trustworthy position
data.

Various methods have been proposed for acceleration-
based position estimation. For example, the works of Lofti
and Huang [12] and by Estrada et al. [13] describe the
algorithms that increase the accuracy of acceleration-based
position estimation by accounting for the properties of
measured signals and applying smoothing techniques. An
alternative approach is to use state observers that take into
account system’s kinematics and dynamics together while
measuring motor’s position and tool (end-effector) accelera-
tion [14], [15]. Such observers can significantly increase the
accuracy of position and velocity estimates, however, one
needs to have a precise knowledge about stiffness, dynamic
or kinematic parameters of the system to design an observer
successfully. In addition, system parameters are required to
remain constant during the operation, which is often not the
case in many practical devices and applications.

In this work, we describe and evaluate a method to
estimate kinematic parameters of twisted strings based on
measured motor’s position and payload’s acceleration. The
proposed method takes into account possible constraints on
parameter values and their rates of change, and supports
position estimation with sub-millimeter accuracy. The param-
eter estimation algorithm can be used both for preliminary
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Fig. 1. Schematic depiction of a section of twisted string

(offline) system identification and for online parameter esti-
mation during operation. In addition, this parameter identi-
fication technique is robust against variations in operational
conditions and external disturbances and performs well in
the case of poorly-excited motion trajectories. The proposed
method is based on the solution of a quadratic programming
(QP) problem and therefore can be easily implemented with
the support of any available QP solver.

The paper is organized as follows. Section 2 opens up
with the review of TSA kinematics and establishes impor-
tant mathematical relationships. These will be used later in
Section 3 to re-formulate the problem of kinematic param-
eter estimation into quadratic programming form. Next, we
evaluate the proposed method experimentally and discuss its
performance in Section 4. The paper is concluded in Section
5.

II. TWISTED STRING KINEMATICS

Before we proceed to parameter estimation techniques, let
us first recall kinematics of a twisted string.

Conventionally, the twisted string in TSAs is being mod-
eled as a uniform, isotropic cylinder that consists of identical
sections like the one depicted in Fig. 1. According to this
representation, when a line of length L and radius r is twisted
at an angle θ, it forms a helix and contracts by X amount.
For the resulting right triangle with the sides (L−X), θr and
the hypotenuse L, one can write the geometric constraint of
twisted string:

θ2r2 + (L−X)2 − L2 = 0 (1)

from which the contraction can be calculated as follows:

X = L−
√
L2 − θ2r2 (2)

Differentiating the geometric constraint (1) with respect
to time while assuming the rate of r and L to be negligible,
we arrive to the following relationship between the input and
output velocities:

Ẋ =
θr2

L−X
θ̇ =

θr2√
L2 − θ2r2

θ̇ (3)

After differentiating this equation for the second time, we
obtain the kinematic acceleration model:

Ẍ =
r2(θθ̈ + θ̇2) + Ẋ2

L−X
(4)

One can note that the model (4) depends not only on the
motor-side variables (θ, θ̇, θ̈), but on the load position and

speed as well. Substituting the relationships that describe
payload’s velocity (3) an string contraction (2) into (4), we
can rewrite the latter as follows:

Ẍ =
r2√

L2 − θ2r2

(
θθ̈ + θ̇2

( θ2r2

L2 − θ2r2
+ 1
))

(5)

The equation above does not explicitly contain load-side
position and velocity X or Ẋ , with the only variables in
it being the ones associated with the motor (angle θ, speed
θ̇, acceleration θ̈). The last 2 variables can be calculated
comparatively easily and with sufficient degree of precision
based on the measurements from the motor encoder. Thus,
if the kinematic model above is accurate and one obtains
(via the load-side IMU) acceleration measurements Ẍ which
happen to differ from the ones predicted by (5), the most
plausible source of this discrepancy will be errors in the
kinematic parameters of the string, namely, the length L and
the radius r. On the contrary, if experimental acceleration
data happen to match the theoretical values with desired
precision, this would mean that the string’s parameters are
estimated accurately. This would consequently mean that
the position (2) and speed (3) models will be automatically
satisfied as well, which would allow us to estimate payload’s
position and velocity based only on its acceleration and the
motor state data. These findings motivated us to develop a
method to estimate the values of length L̂ and radius r̂ and
then use these estimates to predict payload’s position X̂ and
velocity ˆ̇X with the help of respective models (2) and (3).

It is worth noting that the acceleration model (5) is
purely kinematic and thus does not take into account finite
string stiffness and any dynamic properties and effects (fric-
tion, rotor inertia, etc.) These factors can potentially limit
identification accuracy, however, even this relatively simple
kinematic model can be used to estimate TSA position with
satisfactory accuracy, as will be shown in the next sections.

To facilitate parameter estimation, we adopted an opti-
mization technique described in the next section.

III. ESTIMATION TECHNIQUE

As was stated above, in this work we propose to re-
formulate position and velocity estimation as a standard
parameter identification problem.

Suppose that, at an iteration step i one obtains precise
measurements of motor angle θi and speed θ̇i. We can then
plug these data into the model (5) and slightly modify it as
follows:

ˆ̈Xi =
p1√

p2 − θ2i p1

(
θiθ̈i + θ̇2i

( θ2i p1
p2 − θ2i p1

+ 1
))

(6)

where p = [p1, p2]T = [r2, L2]T is the vector of estimated
string parameters, the term θ̈i denotes motor acceleration
estimated via numerical differentiation of θi or θ̇i, while ˆ̈Xi

corresponds to predicted linear acceleration.
With this formulation, we will be looking for such constant

or slowly-varying n-dimensional parameter vector p inside
a feasible set P that minimizes the deviations between
measured and predicted acceleration values.
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A. Optimization Problem
One of the common approaches to find parameter vector

p when solving optimization problems is to minimize the
weighted norm of squared deviations between the measure-
ments and the estimates (least-squares):

p∗ = argmin
p∈P

1
2

∑
i

‖ ˆ̈Xi − Ẍi‖2wi
(7)

In this work, we propose to solve the optimization problem
(7) with the following iterative approach:

p̂k = p̂k−1 + argmin
p̃k∈P̃k

Ck(p̃k) (8)

where Ck(p̃k) denotes the cost function of the optimization
problem, p̃k = pk−p̂k−1 ∈ P̃k is parameter estimation error
at iteration step k while the set P̃k describes permissible
region for this error vector.

To solve the optimization problem (8), we linearize the
function (6) around the previous parameter estimates p̂k−1
and then define a moving window of length N for step k
(often referred to as the moving horizon) with the associated
cost of

Ck(p̃k) =

k∑
i=k−N

1
2‖

˜̈Xi+J pi
(p̂k−1)p̃k‖2wi

+ 1
2‖p̃k‖2Γk

(9)

where the term ˜̈Xi = ˆ̈Xi(p̂k−1)− Ẍi represents the error in
acceleration prediction, the quantity J pi

(p̂k−1) = ∂Ẍ/∂p
denotes the Jacobian of the acceleration model with re-
spect to parameters calculated for previous estimates p̂k−1
and motor quantities θi, θ̇i, θ̈i. The weights wi and matrix
Γk determine dynamic behaviour of parameter estimates.
The term w is responsible for estimation sensitivity to
acceleration measurements, with one possible choice for w
being the inverse of acceleration measurements’ variance,
w = σ−2. The matrix Γk is the terminal cost matrix that
introduces damping on parameter estimates. Such damping
is widely used to increase estimation robustness in the case
of nearly-singular Jacobian values, with one possible choice
being Γk = diag{J T

pΛJ p}k, where a constant matrix Λ
represents our ‘trust’ into the previous parameter estimates
p̂k−1 [16], [17].

As one might notice, the cost function 9 is quadratic with
respect to p̃k, and therefore it can be re-written in the form
of quadratic problem (QP) as

Ck(p̃k) =
1

2
p̃T
kHkp̃k + gT

k p̃k + ck (10)

where ck is a constant that does not depend on p̃k and can be
omitted because it does not affect the solution of the problem.
Hk and gk respectively denote the Hessian and the gradient
of the cost function:

Hk =

k∑
i=k−N

(wiJ T
pi
J pi) + Γk, gk =

k∑
i=k−N

wiJ T
pi

˜̈Xi

If one decides to ignore constraints on parameters’ val-
ues and their update rates, it is possible to use a well-
known unconstrained solution of quadratic problem p̃∗k =

argmin Ck(p̃k) = H−1k gk to re-write the parameters’ update
law (8) as follows:

p̂k = p̂k−1 + H−1k gk (11)

This estimation method is a variation of the widely used
nonlinear curve-fitting approach without constraints on pa-
rameters [17]. However, as we will illustrate later, taking into
account parameter boundaries can significantly increase the
robustness and accuracy of parameter estimation, which was
also demonstrated in previous works [18].

B. Constrained Estimation

As we have mentioned above, most parameter identifi-
cation problems are based on two underlying assumptions.
Firstly, parameter estimates pk must belong to some feasible
region pl ≤ pk ≤ pu, with the vectors pl,pu denoting lower
and upper parameter bounds, correspondingly. Secondly, the
rate of parameter variations must be negligible or bounded by
some small value, in other words, |p̃k| ≤ Tsṗmax, with the
terms Ts and ṗmax denoting sampling rate and the maximal
rate of parameter variations between the iteration steps.

The assumptions above, as well as a wide range of
other physically-inspired constraints, can be expressed in
the linear form as Akp̃k ≤ bk. Taking these constraints
into consideration leads to the formulation of the so-called
inequality-constrained quadratic problem (ICQP):

minimize: 1
2 p̃T

kHkp̃k + gT
k p̃k + ck

s.t: Akp̃k ≤ bk
(12)

where Ak, bk define linear inequality constraints on p̃k:

Ak =


−I
I
−I
I

 , bk =


−pl + p̂k−1
pu − p̂k−1
Tsṗmax

Tsṗmax


The solution of the QP described above at iteration step k
yields an optimal estimate of parameter increments in p̃∗k =
argmin Ck(p̃k) subject to constraints provided by Akp̃k ≤
bk, parameter estimates then again calculated by update law
(8).

Note that the algorithm described above is a combination
of the damped non-linear least squares method [16], [17]
and sequential quadratic programming (SQP) approach [19].
A detailed evaluation of a similar method as well as its
convergence analysis can be found in [20].

C. Offline and Online Identification

Existing parameter identification methods can be formally
divided into two distinct groups, namely, offline and online.
The parameter estimation approach described in the previous
subsection can serve as a basis for either offline or online
identification, depending on the selected observation horizon
value of N .

In offline estimation, we typically obtain m measurements
and then solve the optimization problem for the entire range
of these measurements. While doing so, we set N = m and
use the update law (8) for steps 1, 2 . . . k until the parameters
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update converge with the desired precision (‖p̃k‖ < ε) or
the maximum number of iterations is reached (k ≥ kmax).
Finally, we substitute the newly estimated parameter values
p = p̂ in kinematic models (2), (3) to predict values of X
and Ẋ .

If one desires to perform online identification, they can
update the parameters p̂k on the fly, like it is done during the
receding horizon estimation. The procedure is as follows: On
the k-th iteration, we look back through our measurements
history with the horizon of N to identify current parameters
values p̂k. The resulting estimates can be used then to predict
payload’s position X̂k and speed ˆ̇Xk, which should converge
to the true values provided that the kinematic model is correct
and parameter vector p̂k converges.

Both online and offline approaches have their pros and
cons, which we outline below when talking about experi-
mental evaluation of these methods.

IV. EXPERIMENTAL EVALUATION

A. Experimental Setup

To verify the proposed method experimentally, we have
manufactured a testbed shown in Fig. 2. It is composed of
a brushed DC motor (Maxon DCX22L 20W, 24V) equipped
with a quadrature optical incremental encoder (1024 CPT),
a linear quadrature optical incremental encoder with the
resolution of 18 µm (Avago H9740-1 360 LPI) to measure
the actual string contraction and velocity (ground truth), and
a digital control unit (32 bit Arm Cortex-M7 216 MHz
core-based) connected to the motor driver (ESCON 70/10).
We have installed a pair of 1-mm Dyneema strings in
the TSA. Lastly, we used a low-cost 9-Axis IMU (MPU-
9250 MEMS MotionTracking device, TDK) for acceleration
measurements.

The setup worked as follows: The control system was
responsible for the motor tracking a pre-defined joint-space
trajectory (e.g. a sine wave) thus twisting the strings. This
instigated their contraction and moved the payload upwards,
while its position and acceleration were measured by the
encoder and the IMU, respectively. During all experiments,
motor angle, linear acceleration and payload position were
measured with the frequency of fs = 250 [Hz].

B. Experimental Results

For our first trials, we wanted to evaluate the performance
of both online and offline estimation techniques experimen-
tally on periodic trajectories. The reference motor trajectory
was chosen to be a 1-Hz sine wave. Initial string’s parameters
were measured to be r0 = 0.9 mm, L0 = 168 mm, with the
respective parameter bounds set at [rl, ru] = [0.7, 0.95] mm
and [Ll, Lu] = [167, 172] mm.

Offline identification was performed based on the whole
range of measured data that was obtained during the exper-
iment (motor states and payload acceleration), while online
estimation was performed on a window of N = 25 of
recent data samples. The acceleration measurements (with
acceleration due to gravity subtracted) and the model (5),
plotted for the estimated parameter values, are shown in Fig.

Fig. 2. A photo of the experimental setup: 1) Twisted strings, 2) Linear
encoder, 3) Static load, 4) A DC motor with angular incremental encoder,
5) IMU module

Fig. 3. Acceleration measurements and identified model

3. The errors between the model and measurements were
found to be distributed nearly normally with the variance of
σ = 387 [mm/s2]

The time series of radius estimates r̂ is shown in Fig.
5. One can note that the values obtained with online
identification converge to the offline calibration result in
approximately 6 seconds, which corresponds to six full
periods of the selected 1-Hz reference trajectory. The length
estimates L̂ converge as well, however, we decided to not
show the corresponding time plots because the variations in
this parameter are not as significant.

The plots of predicted position and velocity are shown
in Fig. 5 and Fig. 6, correspondingly. One can note that
once both quantities converge, the online position estimation
error is identical to that provided by the calibrated model
and remains on a sub-millimeter level. Given the fact that
position estimation was based on purely kinematic model

Fig. 4. Offline and online estimation of string radius for a periodic
trajectory
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Fig. 5. Estimated and actual payload’s position and respective errors when
tracking a sine wave

Fig. 6. Estimated and actual payload’s velocities and respective errors
when tracking a sine wave

and used noisy accelerometer data and motor motion param-
eters, we considered such accuracy satisfactory. Likewise,
both online and offline velocity estimation methods provide
nearly-identical results once the method has converged.

In addition to the tests described above, we have eval-
uated the proposed offline and online parameter estimation
techniques for the sine waves ranging from 0.5 Hz to 1.5 Hz.
Some statistical metrics from these experiments are presented
in Table I. The maximum position estimation errors for tested
motion frequencies were on the order of 0.6 to 1 mm, or
1.75 to 3% of the total range of motion. Normalized root
mean square errors (RMSE divided by the displacement
range) have never exceeded 3% (1% in case of experiments
with lower motion frequencies). Likewise, one can note
that the corresponding normalized RMS and maximal errors
in velocity estimation, while growing with frequency, have
never exceeded 1.61% and 9 mm/sec, respectively.

Since both offline and online estimation methods have
demonstrated identical accuracy, it might seem feasible to
identify system parameters once before the operation and
then use these estimates to predict payload’s position and
velocity in the future. This approach is indeed feasible if
operational conditions can not change significantly. However,
in the case of twisted string actuators, variations in pay-
load mass, underestimated dynamic system properties (e.g.
friction coefficients and damping) or external disturbances
can result in considerable changes of string parameters (for

TABLE I
POSITION AND VELOCITY ESTIMATION ERRORS

Position [mm] Velocity [mm/s]
ν [Hz] 0.5 1.0 1.5 0.5 1.0 1.5
Range 32.29 33.69 34.74 128.83 266.15 414.27
RMSE 0.32 0.283 0.912 1.72 3.26 6.68

NRMSE [%] 0.99 0.84 2.62 1.34 1.22 1.61
Max 0.78 0.58 1.04 6.27 6.9 8.72

Max/Range [%] 2.43 1.74 3.01 4.86 2.6 2.11

Fig. 7. Estimated position and predicted values for different payload masses

instance, due to the string’s elongation and thinning), which
will inevitably result in erroneous motion prediction. In such
cases, the use of online parameter estimation is desirable.
On the other hand, if parameter update laws are excessively
responsive to the sensor data, the resulting estimates would
be affected by measurement noise (which is the case for
most accelerometers) and sudden external disturbances. It
is therefore necessary to examine the capability of the
proposed online estimation technique to handle uncertainties
in operating conditions as well as its robustness against
perturbations.

C. Variations in Operation Conditions

To investigate the capability of the proposed parameter
estimation method to overcome uncertainties in payload
we performed offline parameter identification based on the
experimental data for the masses of 0.8 kg and 3 kg. Next, a
payload of 1.75 kg was installed, which resulted in a different
motion pattern, as shown in Fig. 7. While the two respective
curves obtained with offline identification fail to accurately
predict the motion, the proposed online estimation technique
helped to find new parameter values that minimized position
error. Whereas the maximum position prediction errors for
offline parameters were at 2.5 mm and -2.1 mm for 0.8 kg
and 3 kg payloads, respectively, the maximal error of online
parameter identification has never exceeded 1.3 mm while
the RMSE was again on a sub-millimeter level.

These tests have demonstrated the capabilities of online
estimation techniques to adapt to changes in operational
conditions and system parameters on the fly.
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Fig. 8. Estimated and actual payload position and respective errors with
external disturbance applied between 0.5 and 2.5 s

D. External Disturbances

Using unconstrained update laws can often result in in-
feasible or inaccurate estimates which contain unexpected
parameter fluctuations. This is especially true in the case
of unexpected external perturbations or insufficiently excited
trajectories. Conveniently, the trade-off between estimation
method’s sensitivity to parameter changes and its robustness
to sudden disturbances can be adjusted by the appropriate
choice of the maximal rate of parameter variations iterations
ṗmax and the damping matrix Γ.

To validate the estimation method’s robustness to external
perturbations, we conducted an experiment during which
we applied a constant force of about 30 N to the payload
for the duration of 2 s and then compared the results of
bounded and unbounded parameter estimation. The param-
eter variation rate in constrained identification was set at
ṗmax = [0.02, 0.3]T .

The results of this test are illustrated in Fig. 8, with the
perturbation applied shortly after 0.5 s. One can notice that
before that moment the estimation results were identical,
however, a sudden disturbance lead to significant deviations
of unbounded position estimates from the actual displace-
ment. In contrast, bounded estimation yielded much more
accurate results. Once the force was removed after about
2.5 seconds, both methods converged to the same values
again. The maximal position error of unbounded estimation
was approximately -7.3 mm, whereas the bounder estimator’s
errors have never exceeded 1.6 mm.

Up to this point, we have performed parameter estimation
on well-defined continuous signals, which is often the case
during trajectory tracking. In practice, however, one often
encounters the so-called ”point-to-point” trajectories which
contain transition and stationary phases. During the transition
phase, speed and acceleration measurements may not be
smooth, which can result in underestimated or overestimated
parameter values. During the stationary phase, the position
remains nearly-constant which obviously yields negligible
speed and acceleration. In this case, the estimator will be
unable to update system parameters at all, and therefore the
error will remain at the level it settled to at the end of
transition phase. However, damping the speed of parameter
changes can help improve estimation accuracy during the

Fig. 9. Estimated and actual payload’s position and respective errors
when tracking a LSPB trajectory with and without bounds on parameters
variations

transition phase, which reduce the static error as well.
To test this hypothesis, we have conducted a test on point-

to-point trajectories that represented by linear segments with
parabolic blends (LSPB). For this type of trajectories, ve-
locity of the transient phase can be described by a trapezoid
with equal and constant acceleration and deceleration. Exper-
imental performance of bounded and unbounded estimators
is shown in Fig. 9. One can note that in case of unconstrained
identification, position estimation error keeps decreasing and
increasing sharply during all trajectory transition stages (the
points in time around 1 s, 3 s, 5 s and so on), with
the maximum estimation error value exceeding 3.25 mm.
In contrast, bounded estimation method gradually reduced
errors from 0.63 mm to 0.21 mm after several periods.

V. CONCLUSION AND FUTURE WORKS

This paper proposes a method to estimate the output state
of twisted string actuators based on motor encoder and pay-
load’s acceleration measurements. We describe a constrained
nonlinear identification problem and then formulate it as a
standard quadratic program that can be readily handled by
most available solvers.

According to the results of the experimental study, the
proposed parameter identification technique enabled us to
achieve sub-millimeter position estimation accuracy when
tracking sinusoidal signals of 3 different frequencies. In ad-
dition, the proposed method supported accurate TSA output
state estimation in the presence of disturbances, uncertainties
in operational conditions and poorly excited trajectories. To
the best of our knowledge, this is the first successful attempt
to estimate with high precision twisted string’s contraction
and velocity in TSAs without the use of dedicated position
sensors.

In the future, we are planning to integrate the proposed
method into advanced techniques such as Moving Hori-
zon Estimation (MHE), Kalman Filter and Sliding Mode
Observers. This will improve the accuracy of the state
prediction and will make it possible to implement precise
observer-based control of TSA position without its direct
measurements.
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