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Abstract—Proprioception in soft robots remains an on-
going challenge, owing to practical issues such as tight
sensor integration while maintaining mechanical compli-
ance. Soft robots based on dielectric elastomer (DE) tech-
nology could provide a compelling answer to these chal-
lenges, due to the inherent flexibility and compliance of
such transducers as well as their ability to simultaneously
work as actuators and sensors, i.e., self-sensing. In this
work, we propose a novel real-time self-sensing scheme
for DE soft robotic systems. By combining an actuator-
level recursive least squares identification with an extended
Kalman filter, our architecture provides an estimation of the
mechanical state of the structure without requiring addi-
tional electromechanical sensors, solely relying on elec-
trical measurements performed on the DEs during high
voltage actuation. Experimental validation, conducted on a
DE soft robot prototype, reveals that the proposed solution
reconstructs the system state during actuation in a robust
and accurate way, and under various external loading con-
ditions.

Index Terms—Dielectric elastomers (DE), extended
Kalman filter, proprioception, self-sensing, sensorless es-
timation, soft robots.

I. INTRODUCTION

THE field of soft robotics has attracted significant interest
from researchers worldwide [1]. Compared to conven-

tional rigid robots, the main defining characteristic of soft robots
is their mechanical compliance, which enables potential appli-
cations in fields such as human–robot interaction, inspection
tasks, or rescue operations in confined spaces [2], [3]. The low
mechanical stiffness of soft robots, however, poses significant
challenges for the sensing and control of their shape [4].
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Several survey papers have recently emphasized the need for
soft robot proprioception, i.e., the capability of a soft robot to
sense its own shape in real time, so as to enable closed-loop
motion control [4], [5], [6], [7]. It is remarked, however, that
achieving this goal still remains an open challenge in soft
robotics [8]. The main challenge of shape sensing for soft robots
arises from the fact that a large number (up to infinity) of degrees
of freedom (DoF) must be estimated from a limited number of
measurements [4]. To practically address this issue, a possible
solution consists of using a large number of sensors distributed
over the robot body. As an example, the local curvature of long
and slender robots can be reconstructed using strain gauges, and
the overall shape estimated by means of interpolation [9], [10].
A disadvantage of this method is the larger number of measured
signals, which require electrical connections, dedicated elec-
tronics, and significant processing power. Alternatively, model-
based or machine learning approaches can be used to infer
missing information based on a restricted number of measure-
ments. In [11], a state observer relying on an optical curvature
sensor was used for shape estimation but, due to the adoption
of a simplified modeling approach, the method only provided
a steady-state result. Shu et al. [12] used measurements from
flexible resistive sensors as input to a neural network for posture
perception. The approach was effective in avoiding complex
modeling efforts for the highly nonlinear and hysteretic sensor
behavior, but had to rely on a comparatively large number of
feedback variables to estimate a single bending angle. In general,
using external sensors leads to an increase in system stiffness
and overall size, due to the lack of tight integration between
sensors and actuators. In some cases, like in cable-driven soft
robots, the sensing feature can be directly integrated within
the same component performing actuation [13]. For instance,
in [14] the configuration and tension of a cable-driven soft
robot were estimated via the actuator lengths, and reconstructed
through motor-level sensors. The approach produces accurate
sensing, but requires detailed nonlinear modeling and calibration
of friction and hysteresis, as well as a custom and rather complex
real-time numerical solving strategy.

All methods discussed so far are either sensor-based, and thus,
agnostic to the actuation mechanism, or specifically tailored to
pneumatically- and cable-driven soft robots. These mechanisms
allow for soft and compact designs, but lack intrinsic self-
sensing features and have to rely on external hardware such as

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

https://orcid.org/0000-0001-7352-0515
https://orcid.org/0000-0002-5235-3129
https://orcid.org/0000-0001-5983-1907
https://orcid.org/0000-0002-7017-698X
mailto:johannes.prechtl@imsl.uni-saarland.de
mailto:johannes.prechtl@imsl.uni-saarland.de
https://doi.org/10.1109/TMECH.2024.3375923


2 IEEE/ASME TRANSACTIONS ON MECHATRONICS

cable-driving motors or air compressors. Some of those short-
comings were addressed in [15], where the authors utilized
the actuation fluid as an integrated resistive sensor, or in [16],
where currently unused actuators can serve as sensors. Those
approaches rely either on additional wiring or on alternating
between actuation and sensing functions, thus, leaving room for
technologies offering even tighter integration. To this end, di-
electric elastomer (DE) transducers may represent an interesting
alternative technology for soft robotics [17], [18], [19], [20]. A
DE actuator (DEA) consists of a polymeric membrane (e.g.,
silicone) sandwiched between compliant electrodes, whose in-
plane expansion can be controlled via an external voltage sig-
nal. Other than exhibiting high stretchability, inherent softness,
smooth controllability, and ease of integration, DEs can also
work as artificial muscles and artificial nerves at the same time,
exploiting a so-called self-sensing operating mode. More specif-
ically, changes in DEA electrical capacitance can be detected in
real time during high voltage actuation, and used to reconstruct
the deformation [21], [22] and/or the force [23] of the transducer,
thus, allowing to implement sensorless position [24], [25], [26]
and compliance [23] control loops. The term sensorless, widely
used in the literature on electric motors, here refers to archi-
tectures in which mechanical quantities are estimated without
including additional electro-mechanical sensors into the system,
but instead relying on available electrical measurements (e.g.,
voltage, current) performed on already existing transducers (i.e.,
the actuators themselves). Similar techniques have been applied
to other smart transducers such as piezoelectric positioning de-
vices [27], [28], [29] to obtain real-time estimation of displace-
ment, force, and system state. It is remarked that the existing
DE literature solely focused on actuator-level self-sensing, i.e.,
techniques to reconstruct the deformation and/or force of a sim-
ple, single DoF DE component. In case of multi-DoF structures
actuated by several DE transducers, a more advanced concept
referred to as system-level self-sensing can be implemented, in
which different actuator-level estimations are combined together
to reconstruct some global system information. In case of DE
soft robots, this approach allows reconstructing the full con-
figuration of the system during an actuation task based on DEA
voltage and current signals only, without the need to embed extra
mechanical or electrical sensors in the structure. This concept
will open up the possibility of implementing integrated proprio-
ception and sensorless closed loop control for DE soft robots. To
the authors’ best knowledge, no previous work has investigated
similar concepts for DEA-driven multi-DoF systems. Factors
which contribute to making this problem challenging, compared
to the single-DoF case, include underactuation as well as several
system nonlinearities.

In this work, we introduce a system-level self-sensing scheme
for a DE-driven soft robotic system. The case study consists of
a planar module driven by a pair of pretensioned rolled DEAs,
capable of bending and translation motions. The proposed self-
sensing architecture relies on the combination of two functional
blocks, i.e., an actuator-level estimation scheme and a system-
level state observer. The former estimates in real time the electri-
cal capacitance of the two actuators via recursive least squares,
and uses this information to reconstruct their lengths, based

on measurements of DEA voltage and current signals. Since
the underactuated and nonlinear nature of our system makes
it not possible to uniquely reconstruct the robot configuration
solely via DEA lengths information, a second functional block
consisting of an extended Kalman filter (EKF) is introduced.
The EKF receives as inputs actuator lengths as well as the
actuation voltages, and provides an estimation of the system
mechanical configuration and generalized velocity while also
accounting for model nonlinearities. After presenting the novel
architecture, an extensive experimental validation campaign is
conducted, in which the estimated configuration is compared
with measurements acquired with a camera system. It is shown
that the robot configuration can be estimated precisely for a va-
riety of input trajectories with sub-mm/sub-degree accuracy. In
addition, the system-level self-sensing scheme permits not only
to estimate changes in the robot configuration which are caused
by actuation voltage but also by unmodeled external loads. To
the authors’ best knowledge, this is the first work demonstrating
full system-level self-sensing in a multi-DoF DEA soft robot. We
also point out that this article is an extension of [30], where we
proved feasibility of system-level self-sensing by successfully
estimating the system configuration based on optically measured
DEA lengths. Here, we extend the preliminary results of [30]
by including: the first experimental demonstration of actual
system-level self-sensing, which solely requires DEA voltage
and current measurements; an extensive experimental campaign
with various actuation signals and external mechanical loads;
an investigation of the algorithm real-time feasibility; a new
reduced-order estimator formulation, which lowers the real-time
computational burden without compromising accuracy.

The rest of this article is organized as follows. Section II
begins with an explanation of the system operating principle.
Then, a dynamic model is formulated in Section III, followed
by the presentation of the system-level self-sensing in Section
IV. Experimental results are discussed in Section V. Finally,
Section VI concludes this article.

II. DE SOFT ROBOTIC SYSTEM

The soft robotic system considered in this work was initially
presented in [31], and is shown in Fig. 1(a). The structure,
denoted as T-Platform, consists of a flexible backbone put under
compressive load by two pretensioned rolled DEAs. The DEs
used in this work are made of silicone material (Wacker Elastosil
2030, 50 μm thickness) and flexible carbon-based electrodes
(manufactured via screen printing). The rolled actuators are
obtained by stacking together two single-layer DEs and winding
them together into a spiral-like structure, as shown in Fig. 2(a).
When one pretensioned rolled DEA is subjected to high voltages,
attractive electrostatic forces between the charged electrodes
induce a thickness reduction and a subsequent axial elongation,
as in Fig. 2(a). This expansion, in turn, causes the T-Platform
to bend toward the unactuated DEA. As demonstrated in our
previous work [31], if the compressive loads exerted by the soft
actuators onto the flexible backbone is sufficiently high, the DEA
electrical activation triggers a buckling instability which causes
the maximum bending angle to increase above 20◦, and also

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



PRECHTL et al.: SENSORLESS PROPRIOCEPTION IN MULTI-DOF DE SOFT ROBOTS VIA SYSTEM-LEVEL SELF-SENSING 3

Fig. 1. (a) Physical T-Platform prototype and (b) kinematic model
sketch.

Fig. 2. (a) RDEA operating principle, and (b) soft robot prototype
actuated by rolled DEAs.

makes the overall system bistable. An example of modular soft
robotic arm, obtained by stacking three T-Platforms, is reported
in Fig. 2(b).

III. SYSTEM MODELING

In this section, kinematic and dynamic modeling of the system
introduced in Section II are derived. The model describes the
relationship between applied voltage and resulting T-Platform
motion. Then, a suitable simplification is proposed to reduce the
model computational burden.

A. Kinematic Model

The kinematic model defines the relationship between actu-
ator lengths and the overall T-Platform pose, described by its
configuration variables. From a modeling perspective, the rele-
vant system components are the two rolled DEAs, the flexible

bending element in the center, and the rigid support structure
connecting those parts. The rolled DEAs are modeled as axially-
expanding 1-D elements interconnected to the structure via
revolute joints, to represent bending at the actuators end-point.
The flexible bending element is assumed not to constrain the
number of DoF of the structure, and will only play a role when
considering the involved forces.

Similarly to our previous works [31], we assume that the
configuration of the structure is uniquely determined once we fix
the configuration of the rigid body describing the rigid top plate.
Therefore, we select as generalized coordinates q the quantities
describing the in-plane configuration of such body

q = [qx qy α]ᵀ (1)

where qx, qy , and α represent the Cartesian coordinates and
the angular displacement of the rigid body frame attached to the
top place center of mass 0′ − x′y′ relative to the static reference
frame 0 − xy; see Fig. 1(b). Next, based on Fig. 1(b), we express
the DEAs attachment points on the lower part d1, d2 and on the
upper part p1, p2 of the structure as

d1 =

[
−a1

b1 − lb − btop

2

]
, d2 =

[
a2

b2 − lb − btop

2

]
,

p1(q) =

[
qx

qy

]
+

[
cosα − sinα

sinα cosα

][
−w1

btop

2 − v1

]
,

p2(q) =

[
qx

qy

]
+

[
cosα − sinα

sinα cosα

][
w2

btop

2 − v2

]
. (2)

In (2), parameter lb represents the undeformed beam length,
while geometric quantities btop and aj , bj , vj , wj , j = 1, 2 are
shown in Fig. 1(b). The actuator lengths lDE1 and lDE2 are given
as a function of generalized coordinates q as

lDE(q) =

[
lDE1(q)

lDE2(q)

]
=

[
‖p1(q)− d1‖ − 2lcr1

‖p2(q)− d2‖ − 2lcr2

]
(3)

where lcrj , j = 1, 2, are passive regions which do not contribute
to the effective actuators lengths; see Fig. 1(b). The full kine-
matic model is obtained by replacing (2) into (3).

B. Dynamic Model

The dynamic model is derived using a Lagrangian approach.
The Lagrangian L of the system is given as the difference
between kinetic and potential energies, as follows:

L(q, q̇) = 1
2
q̇ᵀMq̇ − V(q) (4)

with constant inertia matrix (due to the adopted choice of q)

M =

⎡
⎢⎣mH 0 0

0 mH 0

0 0 JH

⎤
⎥⎦

wheremH andJH are the rigid plate mass and moment of inertia,
and the configuration-dependent potential energy

V(q) = mHgqy + Vb(q) + VDE(q) (5)

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



4 IEEE/ASME TRANSACTIONS ON MECHATRONICS

consisting of a gravitational contribution (with g denoting the
gravitational acceleration) and elastic contributions from the
flexible backbone Vb and the DEAs VDE. The flexible beam
is solely characterized by its potential energy, expressed in a
lumped fashion via the beam constrained model [32]

Vb(q) =
EI

2lb

(
νᵀGν +

(
ux + 1

2ν
ᵀPν

)2

I
Al2

b
− νᵀQν

)
(6)

with

ux =
btop

2lb
(1 − cosα) +

qy
lb
, ν =

[
− btop

2lb
sinα− qx

lb

α

]
,

G =

[
12 −6

−6 4

]
,P =

[
6
5 − 1

10

− 1
10

2
15

]
,Q =

[
− 1

700
1

1400
1

1400 − 11
6300

]

where E is the Young’s modulus of the beam material, while
A and I are the beam cross-sectional area and second moment
of area, respectively. The potential energy of the rolled DEAs
explicitly accounts for the material elastic nonlinearities through
the following equation [31]:

VDE(q) =

2∑
j=1

3∑
h=1

ΩjCjh

(
lDEj(q)

2

L2
1j

+
2L1j

lDEj(q)
− 3

)h

(7)

where Ωj = π(R2
oj −R2

ij)L1j is the volume of DEA j, with
geometric parameters L1j , Roj , and Rij representing the un-
deformed axial length, outer radius, and inner radius of roll
j, respectively, while Cjh are Yeoh parameters describing the
hyperelastic DE response.

Using Lagrangian mechanics, the equations of motion are

d

dt

(
∂L
∂q̇

)ᵀ
−
(
∂L
∂q

)ᵀ
= Mq̈ +

∂V(q)
∂q

= −D(q)q̇ + Jᵀ(q)Γeu (8)

where the right-hand side of (8) represents nonconservative
external forces. The first term on the right-hand side of (8)
describes dissipation forces via positive definite matrix

D(q) =

⎡
⎢⎣dx 0 0

0 dy 0

0 0 dα

⎤
⎥⎦

+ Jᵀ(q)

[
η1Ω1

L11lDE1(q)
0

0 η2Ω1
L12lDE2(q)

]
J(q) (9)

which is composed of a linear viscous damping contribution dx,
dy , dα in the coordinate directions and a second nonlinear con-
tribution representing DEAs viscoelastic dissipations through
parameters η1 and η2. The actuation Jacobian J is given by

J(q) =
∂lDE(q)

∂q
(10)

with lDE(q) given by the kinematic model (3). The second term
on the right-hand side of (8) denotes the rolled DEAs actuator
forces depending on u = [v2

DE1 v2
DE2]

ᵀ, with vDEj denoting

the voltage on DEA j, and

Γe =

[
γe1 0

0 γe2

]
, γej =

π(R2
oj −R2

ij)αejε0εrj

2L2
3j

(11)

where ε0 is the vacuum permittivity, while L3j , αej , and εrj
represent the undeformed membrane thickness, ratio between
electrode area and passive membrane surface, and the relative
permittivity of DEA j, respectively.

By collecting (4)–(11), the model can be formulated in state-
space form. By defining state x = [xᵀ

1 xᵀ
2 ]

ᵀ = [qᵀ q̇ᵀ]ᵀ, in-
put u, and measured output y = lDE , from (8), we obtain

ẋ = fx(x,u)

=

[
x2

M−1
(
−
(

∂V(x1)
∂x1

)ᵀ
−D(x1)x2 + Jᵀ(x1)Γeu

)] ,
y = hx(x) = lDE(x1). (12)

C. Reduced Dynamic Model

Model (12) results in a state-space description with six state
variables. The full model exhibits fast vertical dynamics com-
pared to those along the horizontal and bending directions,
which is related to the fact that long and slender beams pos-
sess a significantly larger compressive stiffness compared to
the bending one. This leads to high numerical stiffness of the
model when operating nearby the vertical configuration. Even
though this does not cause issues when using advanced ODE
discretization schemes for offline simulation, problems may
arise when integrating the model in real time. To minimize the
estimator complexity, it might be advantageous to reduce the
system order by introducing additional constraints while still
approximating the original dynamics as tight as possible.

In [33], we showed that neglecting the contribution of the
vertical force components leads to an equivalent kinematic con-
straint for the beam tip displacement. Such approach revealed
to be effective when performing qualitative stability analysis on
the T-Platform. Inspired by this idea, we propose here a more
general approach for model order reduction. First, we define the
vertical force acting on the beam

∂Vb(q)

∂qy
=: τy. (13)

By replacing (6) in (13) and solving for qy , we arrive at

qy(qx, α)=
τylb
EA

−νᵀ
(
lb
2
P +

τyl
3
b

EI
Q

)
ν − btop

2
(1 − cosα).

(14)

Note that qy in (14) only depends on other kinematic variables
qx, α and on the vertical beam force τy . In the full order model
(12), τy is the sum of dynamic forces such as inertia and damping
as well as static forces, i.e., gravity and DEA prestrain force. By
assuming that the static force contributions are almost constant
and dominate the dynamic ones, we have τy ≈ constant. In this
way, (14) becomes an algebraic relationship between qy and the
variables qx, α, and thus, it can be used to reduce the number of
DoF in the model.
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To formally derive the simplified model, we define the reduced
configuration vector in r = [qx α]ᵀ, and use (14) to express the
transformation between r and q through

q(r) =

⎡
⎢⎣ qx

qy(qx, α)

α

⎤
⎥⎦ ,

Jqr(r) =
∂q(r)

∂r
=

⎡
⎢⎣

1 0
∂qy(qx,α)

∂qx

∂qy(qx,α)
∂α

0 1

⎤
⎥⎦ . (15)

We can then replace (15) into the Lagrangian (4), and derive new
equations of motion with respect to coordinates r

d

dt

(
∂L
∂ṙ

)ᵀ
−
(
∂L
∂r

)ᵀ

= Mr(r)r̈ +Cr(r, ṙ)ṙ +

(
∂V(q(r))

∂r

)ᵀ

= −Dr(r)ṙ + Jᵀ
qr(r)J

ᵀ(q(r))Γeu (16)

with inertia and damping matrices given by

Mr(r) = Jᵀ
qr(r)MJqr(r),

Dr(r) = Jᵀ
qr(r)D(q(r))Jqr(r)

while Cr is such that

Cr(r, ṙ)ṙ = Ṁr(r)ṙ − 1
2
∂ (ṙᵀMr (r) ṙ)

∂r
.

Finally, we introduce the reduced state ξ = [ξ1
ᵀ ξ2

ᵀ]ᵀ =
[rᵀ ṙᵀ]ᵀ and obtain the state-space description of the reduced
model with measured output ζ (some explicit dependencies on
ξ are omitted for the ease of conciseness)

ξ̇ = fξ(ξ,u)

=

[
ξ2

M−1
r

(−(Cr +Dr)ξ2 −
(
∂V
∂r

)ᵀ
+ Jᵀ

qrJ
ᵀΓeu

)
]
,

ζ = hξ(ξ) = lDE(q(ξ1)). (17)

Model (17) offers a means to simplify the implementation of
the system-level self-sensing without sacrificing the estimation
accuracy, as will be clarified in Section V.

IV. SYSTEM-LEVEL SELF-SENSING ARCHITECTURE

The goal of the system-level self-sensing architecture is to
estimate in real time the system state, consisting of the robot
configurationq and corresponding velocity q̇, based on available
measurements of the DEA voltages u and lengths lDE, as shown
in Fig. 3. The overall architecture is based on a two-level esti-
mation process. At actuator level, the voltage and current mea-
surements are used to estimate the individual actuator lengths
lDE. At system level, those actuator lengths serve as measured
outputs of a model-based observer for the system state. Both
processes are described in this section.

Fig. 3. Block diagram of the system-level self-sensing architecture.

A. Estimation of the DEA Lengths via Electrical
Measurements

In previous works, a recursive-least-squares algorithm was
proposed to estimate the DEA capacitance, and, in turn, its length
based on voltage and current measurements collected during
actuation [23]. This actuator-level self-sensing scheme is briefly
summarized hereafter. To generate a sufficiently large current
signal which allows extracting the capacitance information, a
low-amplitude and high-frequency (fe) voltage signal is su-
perimposed to the high-amplitude and low-frequency actuation
signals vDEj . If we assume that each DEA can be modeled as
an RC series circuit, discretization of the circuit equation via
prewarped Tustin method leads to the following equations [23]:

vDEj [k]− vDEj [k − 1] = θ1j [k] (iDEj [k]− iDEj [k − 1])

+θ2j [k] (iDEj [k] + iDEj [k − 1]) , (18)

RDEj [k] = θ1j [k], CDEj [k] =
tan(πfeTs)

2πfe

1
θ2j [k]

(19)

with iDEj , RDEj , and CDEj denoting electric current, instanta-
neous series electrical resistance, and instantaneous electrical
capacitance of actuator j, respectively; Ts is the sampling time;
and k denotes a discrete-time index variable. Since both RDEj

and CDEj explicitly depend on the DEA deformation [23], [25],
the vDEj − iDEj relationship is directly affected by the actuator
mechanical state. Equation (18) corresponds to a linear regres-
sion problem for the unknown (slowly time-varying) parameters
θ1j and θ2j (related to RDEj and CDEj), which is solved in real
time based on online measurements of voltage and current via
recursive least squares techniques [23]. The estimated capaci-
tance CDEj can be used to reconstruct the corresponding DEA
lengths lDEj , as described in Section V.

B. Estimation of the Robot Configuration Via
Self-Sensing Data

In this section, the goal of estimating the T-Platform config-
uration q based on available actuator lengths lDE and squared
voltages u is addressed. In principle, this objective, could be
seen as an inverse kinematics problem, i.e., reconstruct q based
on lDE by inverting (3). Since the T-Platform represents a
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3-DoF parallel kinematic structure, and only two independent
measurements are available, equation lDE(q) cannot be uniquely
inverted solely on the basis of (3). One possible solution to
this underdetermined problem is to eliminate qx via kinematic
constraint (14), and solve (3) numerically for the two remaining
DoFs. Despite seeming appealing, this approach fails in practice
due to numerical issues (a more detailed discussion is postponed
to Section V-C). On the other hand, while the dynamic model
from Section III well captures the open loop system response,
it fails to reach the fidelity needed for closed-loop control,
since it cannot anticipate unavoidable external disturbances or
parameter uncertainties.

To overcome the abovementioned shortcomings, we adopt a
method that combines DEA length estimation with the dynamic
model from Section III, in such a way to have enough infor-
mation to resolve the kinematic ambiguity while improving the
precision and robustness. To this end, we recall both full-order
(12) and reduced-order (17) models, which provide two non-
linear state-space description of the T-Platform by considering
the squared voltage u as input and lDE as measured output.
The models expressed in this form offer a basis to use an
observer-based approach, making use of the estimated actuator
lengths lDE from Section IV-A as measured outputs. The EKF
is a natural choice for this estimation task, due to its ability
to perform state estimation in the presence of nonlinearities as
well as its ease of implementation. For the EKF framework, we
consider a scenario in which the system dynamics is expressed
in continuous time while measurements are available in discrete
time, given by

ẋ(t) = f(x(t),u(t)) +wf (t)

z[k] := h(x(kTs)) +wh(kTs) (20)

where time dependency of each variable has been made explicit
for the ease of clarity, with round and squared brackets denoting
continuous and discrete time, respectively. In (20), f and h can
correspond to either the full system dynamics fx and measure-
ment modelhx [cf. (12)], or the reduced system dynamicsfξ and
measurement model hξ [cf. (17)], respectively. Normally dis-
tributed system noise wf ∼ N (0,Sf ) and measurement noise
wh ∼ N (0,Sh) are considered. Since the system dynamics
are highly nonlinear and sensitive to discretization strategy,
the so-called continuous-discrete EKF [34] is deemed the most
suitable EKF variant for this estimation task, as it performs the
prediction step by numerically integrating the continuous system
dynamics until new measurements become available, and then
computes a discrete update step. The a priori state x̂−[k] and
covariance P−[k] estimates are computed as the solution of

˙̂x = f(x̂,u(t)), (21a)

Ṗ = A(x̂, t)P + PAᵀ(x̂, t) + Sf (21b)

in the interval t ∈ [(k − 1)Ts kTs] starting from the last esti-
mates of x̂+[k − 1] and P+[k − 1], where Sf is the the system

noise covariance and A(x̂, t) is defined as

A(x̂, t) =
∂f(x,u)

∂x

∣∣∣∣
x=x̂,u=u(t)

. (22)

In this work, we will consider several possible methods to
approximate the solution of Section (IV-B) (cf. Section V-E).
The update step computes the Kalman gain matrix K[k] via
the predicted state x̂−[k] and the covariance matrix P−[k],
and applies a correction to the a posteriori estimates x̂+[k]
based on the predicted error of the measurement model and
P+[k], i.e.,

K[k] = P−[k]Cᵀ[k]
(
C[k]P−[k]Cᵀ[k] + Sh

)−1
, (23a)

x̂+[k] = x̂−[k] +K[k]
(
z[k]− h(x̂−[k])

)
, (23b)

P+[k] = (I −K[k]C[k])P−[k] (I −K[k]C[k])ᵀ

+K[k]ShK
ᵀ[k] (23c)

with C[k] given by

C[k] =
∂h(x)

∂x

∣∣∣∣
x=x̂−(kTs)

. (24)

V. EXPERIMENTAL RESULTS AND DISCUSSION

This section deals with experimental validation of the
proposed method. After presenting the experimental setup
and the parameter calibration process, the proposed self-
sensing schemes are experimentally validated and com-
pared in terms of accuracy as well as online computation
effort.

A. Experimental Setup

In order to calibrate the dynamic model needed for the
system-level self-sensing architecture, a series of experiments
were conducted on a prototype of the T-Platform depicted
in Fig. 1(a). A schematic of the adopted experimental setup
is shown in Fig. 2(a). It consists of an optical measurement
system (Camera: Oryx ORX-10GS-32S4C-C, Lens: Computar
V2528-MPY) and two high-voltage amplifiers with integrated
current sensing capabilities (Hivolt HA3B3-S +-3 kV). The
amplifiers are controlled by a Speedgoat Performance real-time
target machine (Intel Core i7 4.2 GHz CPU, 32 GB RAM)
with IO133 Analog I/O Module. The video data as well as the
electrical measurements are collected on a Windows PC running
MATLAB software. The setup allows us to collect video data at
a rate of 120 frames per second, while the input voltages of the
DEAs as well as the measured currents are sampled at 10 kHz
(Ts = 100μs). After recording, a number of post-processing
tasks are performed for camera calibration, temporal synchro-
nization to electrical measurements, as well as extraction and
tracking of points of interest over time, resulting in trajectories of
optically measured T-Platform pose q[k] and DE lengths lDE [k]
as well as voltage vDEj [k] and current iDEj [k] signals acquired
via electrical sensors.
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Fig. 4. Block diagram of the experimental setup.

B. Model Identification

This section presents experimental identification of the pa-
rameters required by the models presented in Section III. While
some parameters can be assumed as constant, such as the ones
describing system geometry and inertia, material parameters
related to the DEA mechanical and electrical properties are in-
fluenced by environmental factors such as the temperature [35].
Systematic investigation of how this temperature dependency
influences the self-sensing performance would certainly be of
interest. However, this would require dedicated studies which
are beyond the scope of our article, whose main goal is instead to
demonstrate feasibility of the system-level self-sensing concept.
In the sequel, we will ensure that self-sensing calibration and
validation experiments are carried out under the same environ-
mental conditions (similarly to other works dealing with DE
self-sensing, e.g., [21], [22], [23], [24], [25], [26]). Fig. 5 shows
the experimental data used for model calibration, based on a
test in which the DEAs are alternately excited with unipolar
sinusoidal signals at 0.1 Hz with a maximum amplitude of
2.9 kV. To enable capacitance sensing, a fe = 1 kHz sinusoidal
voltage with an amplitude of ±100V is superimposed to the
driving voltage, sampled at 10 kHz. Fig. 5(a) reports the applied
input voltage signals and the optically acquired DEA lengths,
while the optically measured configuration over time is shown as
dashed black lines in Fig. 5(b). In the experiment, the T-Platform
starts from a right-deflected position and, after exceeding a
threshold voltage of the right-side actuator, performs a snap-
through to the left side. The system possesses stable equilibria
on both sides (bistability), an effect that has been thoroughly
analyzed in our previous works [31], [33]. The total range of
motion starts at a bending angle of approximately −10◦ and
ends at +20◦, while travelling a horizontal distance of 15 mm
and showing a vertical displacement of 2 mm. Asymmetries
between positive and negative displacements, as well as in
the actuator lengths, are reasonably due to inaccuracies during
manufacturing involving DEA manual prestretching and rolling
processes. Reducing those effects is in principle possible through
design improvements [31], albeit the sensing performance re-
mains unaffected from such structural optimization, and thus it
is not further considered in this work. The resulting estimated
capacitances, shown in the lower part of Fig. 5(a), follow the
behavior of the corresponding actuator lengths. Similarly to [23],
a moderate (yet repeatable) dependence of the capacitance on

the applied high voltage level is observed, due to the non-ideal
behavior of the rolled DEAs. Since this effect is systematic, it
can be compensated using a phenomenological description of
the actuator length [23]. An accurate fit is obtained via function

lDEj(CDEj , vDEj) =

1∑
m=0

3∑
n=0

pjmnC
m
DEjv

n
DEj (25)

with coefficients pjmn calibrated on the experimental data based
on a least squares fit. After calibration, the estimated DEA
lengths well reproduce the optical measurements, as shown in
Fig. 5(c). Next, we focus on the dynamic model parameters,
whose identification is needed to tightly capture the asymmet-
ric and bistable behavior of the T-Platform. Such parameters
are determined in several steps. As a first step, parameters
lb, E, I, A,mH , JH , ε0, εr, g, Rij , Roj , αej are fixed to their
known or directly measured values, as listed in the appendix. All
remaining values are obtained by formulating suitable nonlinear
optimization problems (MATLAB optimproblem/solve
and fminsearch) aimed at minimizing the deviation between
model predictions and measurements in Fig. 5. In the second
step, kinematic parameters wj , vj , aj , and bj are estimated by
minimizing the integral squared error between the measured
lDE and the one predicted via the kinematic model (2)–(3)
through the measured q. During this step lcr1 = lcr2 = 0 is
assumed, as lcrj cannot be determined optically. In the third step,
btop, lcrj , Cjh, ηj , dx, dy , and dα are optimized by minimizing
the integral squared error between the optically measured q and
the value predicted by the full-order system model (12). The
calibrated model well captures the experiments, see the blue
lines in Fig. 5(b). Finally, τy is optimized to let (17) match the
response of (12). Fine tuning of structural damping parameters
dx, dy , and dα is also performed at this stage, to further improve
accuracy. All identified parameter values are reported in the
appendix.

C. Results of Purely Kinematic System-Level
Self-Sensing

As mentioned in Section IV-B, one conceivable solution of
the estimation problem consists of numerically solving for q the
nonlinear system of three equations given by (3) and (14), where
lDE is known through the capacitance while τy is calibrated
to best fit the data. As shown in Fig. 6, this approach fails
in practice. These plots are obtained by solving (3) and (14)
for the calibration experiment Fig. 5 at each timestep using
fsolve(), with initial guesses chosen based on either the
measured reference trajectory at the current time [Fig. 6(a)],
or based on the previous estimate [Fig. 6(b)]. Further numerical
investigations revealed the reasons for this inaccuracy, i.e., the
Jacobian of the transformation from r to lDE(q(r)) exhibits
a nearly-singular behavior in several points of the computed
trajectory. This makes the map hard to invert in a local sense,
as evidenced by different trajectories in Fig. 6 obtained for
different initial guesses. Since there is no mechanism to encode
confidences into the model, such as tuning Sf and Sh matrices
for the EKF, this approach lacks the possibility to optimize the
estimation performance.
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Fig. 5. Identification results for an experiment with unipolar sinusoidal excitation. Input voltages, resulting capacitances and actuator lengths
shown in (a), optically measured configuration and predicted model response are shown in (b), and actuator-level self-sensing calibration is shown
in (c).

Fig. 6. Purely kinematic estimation scheme on the calibration dataset
fails to provide useful estimates. Solutions shown for initial guesses
at each timestep based on (a) measured reference trajectory and
(b) on previous estimate.

D. Results of EKF-Based System-Level Self-Sensing

For a qualitative and quantitative evaluation of the system-
level self-sensing scheme, we performed experiments with dif-
ferent voltage trajectories, and evaluated the response of the
underlying open-loop model as well as the proposed observer-
based method. Two different versions of the methods are con-
sidered, in which the estimation is performed with full model
(12) or with its reduced version (17), denoted as EKF3 and
EKF2, respectively. In both cases, the update frequency is fixed
at 1 kHz, while matrices Sf and Sh are tuned via numerical
optimization with the aim of minimizing the integral squared
difference between measured and estimated q.

Fig. 7 evaluates the proposed self-sensing schemes for dif-
ferent experiments, and compares them to the open-loop model
response. The input voltages in the first column represent the
low-frequency component of the driving voltage, without con-
sidering the high-frequency injection needed for capacitance
sensing for better visualization. In the second and third columns,
the optically measured configuration over time (black dashed
lines) is compared to the estimated trajectories (solid colored
lines) according to the open-loop model (12) (center column) and
according to the proposed self-sensing scheme (right column).
Experiments (a)–(c) explore the system behavior for different

TABLE I
PREDICTION ERRORS (RMS)

voltage waveforms without any external disturbance, while in
(d) the T-Platform was pushed by hand without applying any
actuation voltage. The trend is generally well captured by the
open-loop model in the undisturbed experiments (a)–(c), even
though the precise postbuckling behavior is sometimes mispre-
dicted. In addition, the open-loop model cannot account for
external forces in (d), and therefore estimate no displacement
over time, as expected. The proposed self-sensing schemes, on
the other hand, follow the system motion at all times, while
also providing more precise numerical estimations than the
open-loop model. The corresponding videos are shown in the
media attachment. A high level of robustness is achieved, and
it is difficult to visually distinguish the differences between
EKF3 and EKF2 schemes. This aspect becomes more clear
in Table I, which lists the root mean squared (rms) errors for
all three degrees of freedom corresponding to the experiments
in Fig. 7, as well as the calibration experiment labeled Sine.
The table confirms the visual observations, even though the
EKF3 scheme generally performs slightly better than EKF2,
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Fig. 7. Evaluation of the proposed self-sensing schemes (EKF3/EKF2) for different experiments (a)–(d) and comparison to the open-loop model
predictions.
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Fig. 8. Average angular error and real-time factor (ratio of compu-
tation time versus duration of the experiment) of the respective best-
performing EKF2 and EKF3 operating at different sampling frequencies.

as expected. The superior robustness of self-sensing compared
to the open-loop model can be explained as follows. Thanks
to the EKF, the configuration q estimated by the open-loop
model is corrected in real time via output lDE , which in our
case is accurately reconstructed through voltage and current
measurements as shown in Fig. 5(c). Theq estimated by the EKF
is thus heavily based on the kinematic model lDE(q), while the
dynamic model is mostly used to solve the kinematic ambiguity
due to the underactuation. Therefore, we can expect the proposed
self-sensing approach not to be highly sensitive to changes in
the dynamic model parameters or to external disturbances, as
long as lDE is accurately estimated and provided that kinematic
model lDE(q) is calibrated with good precision.

E. Real-Time Considerations

Almost all operations required by the system-level self-
sensing scheme in Section IV are naturally formulated in
discrete time, except for Section (IV-B). To enable effective
implementation of the estimation method on real-time digital
architectures, efficient ways to numerically approximate the
solution of Section (IV-B) are required. In Fig. 8, a study is
conducted to compare different numerical integration methods
at various update frequencies in terms of estimation quality
(measured in terms of the average error in the estimation of α,
for simplicity) and computation speed (expressed as the ratio
between computation time and duration of the experiment).
We considered three numerical approximation methods, i.e., a
forward Euler discretization (FWE), a fourth order Runge–Kutta
method (RK4), and a fourth order Runge–Kutta method with
adaptive step size regulation (RK45, allowed to take substeps
based on estimated local error) [36]. Linear interpolation was
used to generate the values of lDE at intermediate points in
time in which direct estimations were not available. For each
fixed update frequency, the entries of diagonal matrices Sf and
Sh were determined using numerical optimization to find the
filter configuration that produces a minimal estimation error,
as defined in Section V-D on the calibration dataset (Sine).

Each optimized filter configuration was then evaluated on the
full dataset (calibration data as well as the evaluation exper-
iments, c.f. Fig. 7). Diverging configurations and those with
large average errors are omitted for visual clarity. In Fig. 8,
the upper plots show the average angular error and the bottom
plots indicates the computation speed relative to the duration of
the experiment, with values below one indicating performance
suitable for real-time implementation.

For the EKF2 method (left-hand side of Fig. 8), the RK4
scheme produced good estimates even at an update frequency of
400 Hz and slightly improves at larger frequencies. As expected,
the FWE method starts to produce reasonable estimates only
at 3.2 kHz and slightly improves with increasing frequency as
well. Counterintuitively, it even outperforms the RK4 scheme.
Possible explanations include compounding roundoff errors of
the RK4 scheme manifesting at larger frequencies, or the ap-
pearance of non-optimal EKF configurations resulting from the
nonlinear optimization procedure. Note that, for EKF2, both
integration schemes are capable of producing fast (240× and
62× real-time speed for RK4 and FWE, respectively) and precise
(average error of approximately 0.61◦) estimates. The RK45
generally exhibits very similar quality of estimated states, but
requires longer computation times as the RK4 scheme, due
to the possibility of additional substeps. While this enables
estimation at very low update frequencies, in a real-time setting
one typically prefers a fixed step size scheme, owing to the fact
that only a predetermined amount of time is available for state
estimation.

In case of EKF3, the numerical optimization procedure did
not produce a converging and reasonably precise FWE config-
uration. The main reason for this fact is the higher numerical
stiffness due to the beam compression dynamics, which requires
sufficiently small step sizes. In contrast, this issue is not present
in EKF2 since (14) completely eliminates the stiff dynamics. The
RK4 scheme is usable starting from 25.6 kHz with a real-time
factor of ≈ 0.29 (i.e. 3.4× faster than real time). At frequencies
up to 25.6 kHz, the adaptive RK45 method can achieve stable
and precise estimates with mixed results in terms of computation
time and estimation quality, but fails at larger frequencies. Sim-
ilarly to before, these results seem to reflect a trade-off between
truncation error, favoring higher-order methods at low frequen-
cies, and round-off errors, favoring methods with less arithmetic
operations (i.e., lower-order methods) at higher frequencies.
Generally, the performance of tuned configurations at different
frequencies does not exhibit a discernible trend for the adaptive
step size scheme. However, from an implementation perspective,
we can simply pick the best performing configuration that still
meets our constraints on computation time (real-time factor
smaller than one), such as the configuration tuned at an update
frequency of 400 Hz with a real-time factor of 0.23.

Even though the presented evaluation was conducted on a
powerful workstation (AMD Ryzen Threadripper PRO 5965WX
24 C @3.8 GHz, 256 GB RAM), we expect actual performance
requirements of a suitably chosen configuration to be lower in
terms of working memory and computation speed (e.g., when
the real-time factor is much smaller than one). Despite both
EKF2 and EKF3 schemes appear similar in terms of accuracy (cf.
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Table I), we conclude that the former is preferable for real-time
implementation, since it works well with simpler, faster, and
fixed-step discretization methods.

VI. CONCLUSION

In this work, we demonstrated for the first time the feasibility
of system-level self-sensing in a DEA-driven soft robot. The
resulting scheme is able to accurately estimate the configuration
and generalized velocity of our underactuated system solely on
the basis of voltage and current signals, measured during various
actuation tasks. By comparing the self-sensing estimations with
camera-based measurements, an average estimation error of
0.47◦ (EKF3), or 0.60◦ (EKF2), namely 1.6%–2% of the actua-
tion range, can be achieved. Remarkably, our algorithm is able to
also reconstruct deformations caused by external loads, and not
only high voltage actuation, with an accuracy of 0.79◦ (EKF3)
and 0.91◦ (EKF2), respectively, thus, proving its robustness. An
in-depth investigation of discretization schemes and sampling
times was conducted to optimize estimation performance and
online computation times, proving that EKF2 is the most suitable
scheme for real-time applications. To the authors’ knowledge,
this is the first practical demonstration of system-level self-
sensing in multi-DoF DEA soft robots. In future works, we
plan to implement sensorless closed-loop control algorithms,
which exploit the feedback from the proposed system-level
self-sensing scheme to achieve closed-loop trajectory tracking.
More extensive evaluation of the self-sensing method robust-
ness, in particular its sensitivity to parameter variations and
environmental effects, will also be systematically investigated.

APPENDIX

LIST OF PARAMETERS

a1 = a2 = 5.25mm, b1 = b2 = 7.02mm, v1 = v2 =
8.16mm, w1 = w2 = 9.65mm, btop = 5mm, lb = 53.32mm,
lcr1 = 2.74mm, lcr2 = 2.05mm, A = 1.88mm2, I = 3.52 ×
10−15 m4, E = 210GPa, ε0 = 8.85pA sV−1 m−1, mH =
12 g, JH = 2.37mgm2, g = 9.81m/s2, dx = 100μNsm−1,
dy = 100Nsm−1 (EKF3), dy = 0Nsm−1 (EKF2),
dα = 100μNs rad−11, τy = −13.37N, C11 = 380.43 kPa,
C21 = 84.16 kPa, C31 = −51.70 kPa, C12 = 248.08 kPa,
C22 = 111.03 kPa, C32 = −24.89 kPa, L11 = L12 =
25.61mm, L31 = L32 = 50μm, Ri1 = Ri2 = 0mm,
Ro1 = Ro2 = 1.58mm, αe1 = αe2 = 0.58, εr1 = εr2 = 2.80,
η1 = η2 = 19.23 kPa s.
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