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Abstract— Using compliant materials leads to continuum
robots undergoing large deformations. Their nonlinear behavior
motivates the use of model-based controllers. They require state
estimation as an essential step to be deployed. Available sensors
are usually realized by introducing rigid bodies to the soft robot
or inserting soft sensors made of materials different from the
robot itself. Both approaches result in changes in the system’s
dynamics. Optical measurements are problematic, especially in
confined spaces. This can be avoided when the sensor is located
at the robot’s base. This paper studies the state estimation of
a pneumatically actuated soft robot using the measured forces
and torques at its base. For the first time, this is done using an
unscented Kalman filter without restraining the dynamics to a
planar or quasi-static motion while applying it to a real system.
Real-time capability is achieved with our implementation. The
state estimation is tested in a Cosserat rod simulation and on
the physical system. The position is estimated with an accuracy
of three to five millimeters for a 130 millimeter long pneumatic
robot.

I. INTRODUCTION

Using soft pneumatic actuators (SPA) poses the chal-
lenging task of accurate trajectory tracking. Sole model-
based feedforward action suffers from inaccuracies due to
the system’s complexity. A common strategy to overcome
the challenge is to utilize feedback control strategies known
from rigid robots [1]. As these controllers rely on suitable
feedback information on the system’s current states, sensors
matching to the task have to be deployed. In constrained
settings, partial occlusion hinders the effective operation
of vision-based tracking systems. Additionally, rigid optical
markers have to be attached to the robot. Other sensors suffer
from introducing rigid bodies or additional materials into the
soft system. This includes inertial measurement units (IMU)
[2], cameras attached to the robot [3], optical waveguides [4],
[5], and flex sensors [6]. In [7] it is mentioned that sensors
should alter the system’s dynamics as little as possible.
These problems can be avoided by utilizing measurements
outside the deforming system, at the robot’s base. Previous
applications have incorporated base measurements for shape
estimation of continuously deforming systems in the (quasi-)
static case [8], [9], [10], [11], or for parameter identification
[12], [13]. While satisfying results were obtained for shape
estimation in quasi-static experiments, dynamic movements
were omitted. Thus, the gap of state estimation by evaluating
the base reactions concerning rapid motions remains.
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Fig. 1. Overview of the test bench and the proposed method, with

a qualitative preview of the performed estimation. Three pneumatic air
chambers are actuated as displayed. The pressure p; of each chamber is
measured relative to environmental pressure at the pneumatic supply line.
Together with the force-torque (FT) signal, an estimation of the robot’s
configuration (orange) is performed using an unscented Kalman filter (UKF).

A. Related Work on state estimation in soft robots

We propose using an unscented Kalman filter (UKF) to
reach this goal. Kalman filtering has found several use-
cases in the soft robotics context. Sensor fusion for a human
finger is done via Kalman filter using vision-based tracking
combined with a flex sensor in [14] and by an extended
Kalman filter (EKF) combining IMUs and draw-wire sensors
in [15]. An EKF is used in [16] using optical fibers as input to
measure the steady state. In [17], a dynamics and kinematics
model is used with an EKF in a simulation environment.
The application of a UKF is demonstrated in [18], using
flex sensors and a neural network. In [19], state observation
is done by a UKF using flex and pressure sensors with
a second-order transfer function to model the system. A
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dual EKF (parameter and state estimation) is investigated
in simulation studies [20] using position and orientation
measurements along the robot for the 2D case. In [21], an
EKEF is also used for estimating the wrench at the robot’s
tip. The results obtained show the applicability of Kalman
filters in soft robotics, but the easily measurable base reaction
forces and torques have not yet been incorporated as mea-
surement feedback. Other estimation techniques incorporate
end-effector pose and internal strains in statics [22] or sensed
tip velocities [23]. However, the base reaction forces and
torques are not incorporated in these works as well.

B. Contribution

For the first time, the robot’s state in the dynamic case,
consisting of deformation and its rate of change, is estimated
by evaluating only the forces and torques at the system’s base
and the actuation input. The presented technique estimates
an SPA’s motion, consisting of both bending and elongation.
To fully capture the system’s behavior, without confining
it to quasi-static or 2D scenarios, the analysis encompasses
dynamic 3D motion. Real-time estimation is possible through
the usage of a computationally cheap constant-curvature
(CC) model. This allows for solving the state-estimation
problem by incorporating a UKF, which is widely used for
nonlinear systems. By including the bending stiffness in the
state vector, the error arising from the kinematic assumption
of CC is mitigated. The proposed filter is evaluated on data
from a Cosserat rod simulation and on data experimentally
obtained from the real system.

The contributions of this paper are:

o A model of SPA dynamics using CC kinematics suited
for Kalman filtering using the base-reaction forces and
torques,

« demonstrating the applicability of the proposed UKF on
simulation and experimental data,

« cvaluating real-time properties of the proposed filter.

The remainder of the paper is structured as follows: First, the
modeling of the system’s dynamics together with the filter
is described in Sec. II. A demonstration of the UKF on a
real SPA (Sec. III) and simulation (Sec. IV) follows with a
brief discussion. The paper concludes with a summary of the
results and an outlook to possible future work on the Kalman
filtering using base-reaction forces and torques in Sec. V.

II. MODELING

The modeling of the kinematics and dynamics of the SPA
is briefly described in Sec. II-A. The permutation of the
model into a state-space representation follows in Sec. II-
B. Finally, a discretized model tailored for Kalman filtering
is presented in Sec. II-C.

A. Kinematics and Dynamics

To construct the model, a floating-base formulation [13],
[24], a state-of-the-art formulation of CC kinematics [25],
and a lumped mass in the modeled center of gravity [26] are
combined. The modeling follows our previous work in [13],
and is briefly summarized here.

As real-time ability for online state estimation is required,
the deformation of the SPA is modeled as circular arc.
This leads to the well-known formulation of CC kinematics.
The kinematic state of the deforming system thus can be
described by using only three CC parameters. A shortcoming
of classical formulations of CC kinematics is a singularity of
the formulation in the straight configuration. This is avoided
by using the parametrization presented in [25]. The arc is
described by g, = [Aac,Ay,éL]T, with L describing the
elongation w.r.t. the reference length Lo, and A, and A,
describing the bending angle and plane by defining length
differences resulting from the pose of the tip w.r.t. the base.
Additionally, the bending parameters include a free scaling
parameter, here chosen as the SPA’s outer radius r. The
kinematic assumption for the deformation is combined with a
floating (freely moving) base. Thereby, the forces and torques
at the system’s base are included in the model. Because the
real system’s base is immobile, the modeled base is fixed
after deriving the equations. Six additional base degrees of
freedom gy, = [z,y, 2, a, 3, 'y]T are introduced, with «, 3,
being the Cardan angles for base orientation and x,y, z the
base displacement. In total, this leads to the full %ystem
described by nine minimal coordinates g; = [qy,,q,] - The
kinematic modeling is finished by the mapping between the
CC space and the Cartesian space, featuring the forward
kinematics fgg (g;) € R® and the Jacobian J(q;) =
afEE((If)/(')qf € R3X9

xee = fre (qr)
pp = J (q;) g;. (D

For better readability, the dependencies aren’t included in
the formula in the remainder of the paper. Please note, as
only one CC segment is considered and the base is fixed,
only the Cartesian position is regarded. Considerations of
the orientation can be omitted.

With the kinematics model, assumptions for the dynamics
are made. The robot’s mass is assumed as a point mass in the
arc’s center of gravity, the material behavior is considered
as a linear model for stiffness and bending. The potential
and kinetic energy of the point mass are derived and used
in the Lagrangian equations of the second kind to obtain
the corresponding model. The equations of motion for the
floating-base system are derived as

Mbb Mbr Qb bb _ | Treact

|:Mrb Mrr:| |:qr:| + |:br:| N |:7-act :| ' (2)
The inertia matrix is denoted as M (q;) € R%*9 (parameter:
robot’s mass m). The Coriolis and centrifugal forces, the
forces resulting from gravity and the forces resulting from
the material model are summarized as the bias force vector
b(gs,q;) € RY (parameters: m, bending stiffness/damping
kg, dg, elongation stiffness/damping ks, dsr, gravity con-
stant g). In (2), the indices denote whether a component is
associated with the floating base (b) or the deforming robotic

system (r), with the sizes of the diagonal elements of the
inertia matrix My, (q;) € R%%6 and M, (q;) € R3*3.
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On the right-hand side of the equation, T eact refers to the
base reaction forces and torques, and the driving force vector
Tact (D, qs) is computed by the deformation state and the
input pressure p. For the experimental study conducted to
evaluate the proposed filter, ground truth data is needed. It
is provided by a camera system, which requires a rigid body
with markers at the tip of the SPA that is modeled as a point
mass. Including the rotational inertia is possible, but with
the experimental results, no significant effect of the rotational
inertia was observed. The markers have to be considered with
the marker inertia matrix M, (q¢) € R%*? and the marker
bias forces vector by, (g;, G;) € R? to ensure the correctness
of the model.

My, =mpy JTJ
by = man " (Ja —[0,0.8)") . ©)

In this case, the only additional parameter is the markers’
mass my,. For the experimental evaluation, the quantities
in (3) are added to the corresponding quantities in (2); for
readability, they aren’t noted in the remainder of the paper.

B. State-Space Representation

A state-space representation of the model in (2), consisting
of state and output equations, is needed inside the UKF. The
first step is to fix the base by inserting the boundary condition

4, = gy, = g, = 0. This leads to the decoupled equations
for the system’s base-reaction forces and torques

My, qr +b, = T react 4
and the actuation forces
Mrr ér + br = Tact- (5)

The state equation

q q

= _ Y 6

|:qr:| |:Mrr1 (Tact - br) ©)
is obtained by solving (5) for g, and defining the state

concerning the CC model as [g,,,]" The output equation
is formed by inserting (6) into (4), giving

T react :Mbr (M;rl (Tact - br)) + bb- (7)

This way, the measurable base-reaction forces and torques
are part of the modeled state-space representation and can
be used for state estimation.

C. Discretized Model for UKF

Kalman filters work with discrete-time models; therefore,
(6) and (7) must be discretized. In empirical studies, stability
issues occurred when simple explicit discretization methods
were used. On the other hand, implicit or higher-order
explicit methods make real-time capability more challenging.
This is solved by utilizing the semi-implicit Euler method
[27]. By updating the configuration states g,, and then
computing the velocity states g, using the updated configu-
ration, stability is achieved at larger time steps compared to
discretization with an explicit Euler method.

The kinematic assumption of CC introduces a signifi-
cant error compared to the deformation of the real system.
The bending stiffness ky = x43 is joined to the state
vector to mitigate this effect. By defining the full state
vector as Ty = [xsl,wsg,xsg}T = [qr,qr,kg]T, the output
as Y, = Treact> and the input as us = p, the state-space
representation is discretized with the state &5 = f (@5, us)
and output equation y, = h (x5, us).

The semi-implicit Euler discretization of (6), including the
bending stiffness, is

Tspt1 = Fa (@ s Us 41) + wy
Ts1 k1 To1k + Atxgo g
—1
Ts2 k+1| = | Ts2,k + At (Mrr (Tact - br)) + wg,
Ls3,k+1 Ts3,k
3)
with the quantities evaluated at the discrete time steps
M, = M, (msl,k-&-l)’ b, = b, (xsl,k+1aw52,k7xs3,k’)’
Tact ‘= Tact (®s1, k41, Us k+1) and the time step size At.

Process noise is included by wy. It is assumed to be
normally distributed with the covariance matrix @ € R7*7.
No dynamics for the stiffness is considered. Change of the
parameter is only driven by process noise. This resembles the
joint UKEF setup in [28]. Analogously, the output equation is
discretized by

Yskx = h (ms,k; us,k:) + v
Ysk = My, (Mr_rl (Tact — br)) + by, + v, ©)]

with My, = My (xsl,k)7 M., = M, (:Esl,k)v
b, = by (ws,k)s b. =0b, (ws,k)s Tact = Tact (wsl,lm us,k) and
the measurement noise vy, which is also assumed as a
normal distribution with the covariance matrix R € R6*6,
As a result of these modeling assumptions, the state vector
to be estimated consists of seven entries: the CC parameters,
their rate of change, and the bending stiffness.

The UKF uses the unscented transform by [29], [28]. It
is performed by evaluating the state-space representation (8)
and (9) at 2N + 1 sigma points with N = dim (z5) = 7.
The state estimation consists of two steps. A prediction step
by the derived model and a correction step by the acquired
measurement. Further details on the UKF algorithm can be
obtained from [28]. The required parameters are the time
step size At, the covariance matrices @ and R, initial values
for state estimation & ¢ and error covariance Py, the scalar
tuning parameters aykr, SUKF, KUKF, the input pressure ug
and the measured base-reaction forces and torques y,.

III. EXPERIMENT

In the following, the experiments used to validate the
proposed methods are explained and evaluated.

A. Setup

Experimental data is gathered on an SPA test bench
depicted in Fig. 1. The SPA’s base is mounted on the force-
torque sensor (mini40, ATI Industrial Automation). Actua-
tion is performed by letting air into the chambers. The actua-
tion pressure lies between approximately O and 1 bar relative

14941



measurements
pressure sensors

estimation and ground truth
joint space position level

1 - Dt T T T T T T T
o %o 7 7
ik [ [ — 0.01 S YM e
E - L » g f
= 0.5 - s — - g8 0
k= 1\ H —>» filter 3 —3» N
o) | : S .0.01
l :_ """ P3
0 A J 5 -0.02 L f J
[—A. —A4, L — -A — -A, — -oL]
force-torque sensor joint space velocity level
- 0 R ; - 0.1
o — — > UKF[» &
&
= f. o
-2t | T

|—a —a 6L — A — -4, — o1

bending stiffness (no ground truth)

Y

A

time in s

[=}
V]
b
[=2}

Fig. 2.

1000 | ! {
g
~ 800
* Z,
= 600
>
~=
400
0 1 2 3 4 5 6 7
time in s

Even though the initialization is not near the true initial value, the estimation converges. On the velocity data, the remaining error is greater

compared to the positional data. For the bending stiffness, nonlinear behavior is observed. Inputs are shown on the left side.

to atmospheric pressure. It is measured directly before the
pressure chambers (First Sensors, 142BC30A-PCB). The
trajectory is generated by feedforward control of the solenoid
valves. Thus, no pressure control is regarded. As ground truth
for the state estimation, the actuator’s tip Cartesian position is
measured by external optical measurement (camera system,
OptiTrack, Prime 17W). The CC parameters are obtained
by inversion of (1) using Newton’s method. Measurement is
conducted by tracking the optical markers shown in the pic-
ture. The Cartesian velocity is obtained by applying a zero-
phase moving average filter, which avoids a phase shift of the
ground truth data, followed by numerical differentiation. On
the other hand, the measured pressure signal is pre-filtered
by a first-order Butterworth filter because it is a causal filter
suitable for online applications in contrast to the zero-phase
moving average filter. Since the UKF is supposed to run
online, using a non-causal filter would falsify the results.
Measured data is fed into the UKF implemented in MATLAB
and compiled into a mex-file to test for real-time capability,
using an INTEL i7 CPU at 2.8 GHz running UBUNTU 22.4
with the generic kernel. These specs are similar to the
implemented real-time computer at our test bench [12]. A
sample time of At = 8ms is used to ensure the stability
of the UKF. The measurement data is obtained at the same
frequency. The other UKF inputs are measurement noise
covariance R = le—6 diag (1,1, 1,0.01,0.01,0.01), process
noise covariance Q = le—9 diag(1,1,1,0.1,0.1,0.1, 1e8),
initial value for state estimation &5 = [0,0,0,0,0,0, kg 0] ",
initial value for error covariance Py = @ and the scalar

tuning parameters aykr = 1, Sukr = 2, kukr = 0. The
input pressure and measured base reaction forces and torques
can be seen on the left side of Fig. 2. With the parameters
for the kinematics known from CAD, the parameters for the
dynamics are experimentally identified, resembling the inner
loop in [13], without identifying parameters for kinematics.
The results can be seen in the first row of Table I.

B. Results

A periodic excitation of the system is chosen to test the
proposed methods experimentally. Details of the trajectory
can be seen in the supplementary video material. Data of
100 s of actuation is acquired, starting from the static straight
configuration. This full data set is split into ten parts of 10s
so that the initial conditions of each part are different, while
the initialization for the filter always stays the one stated
above. This way, the convergence of the filter is tested. The
estimation results, compared to the ground truth data of 7s
of the ninth part, are depicted on the right side of Fig. 2, with
the motion of the whole part visualized in Cartesian space in
Fig. 3. Cartesian estimation results of the tip position are ob-
tained by evaluating (1) using the estimated CC parameters.

TABLE 1
OFFLINE IDENTIFIED MODEL PARAMETERS

T Lo | mm | m dg dsi | keo | ksr

mm | mm kg kg Ns/m | Ns/m | N/m | N/m

Exp 21 130 | 0.05 | 0.13 1.83 9.19 729 | 1015
Sim 21 130 0 0.16 0.15 6.23 505 | 1128
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TABLE I

RESULTING ERRORS ON MEASUREMENT AND SIMULATION DATA

Data NRMSE in % ) [ max deflection € max velocity
A, A, L A, A, 5L mean || inmm in mm in mm/s | in mm/s
full 69 84 59 204 203 214 139 5.2 63.9 76.6 398.0
Exp best 69 87 63 173 216 215 13.7 5.2 63.5 69.9 398.0
worst (Fig. 2) | 6.6 85 57 259 31.0 231 16.8 5.0 63.7 91.8 364.3
full 43 46 6.4 184 260 127 120 3.1 57.4 57.5 275.7
Sim best 42 46 6.0 186 270 125 11.5 2.9 57.3 57.4 275.7
worst (Fig. 5) | 47 46 64 246 382 132 153 3.2 56.8 63.7 271.4
mEEJnjai\u'ﬂd o S 10 ‘
° fee(4.9) B ok . "
- 8 E 5 real-time capability
llllllllll robot’s base 1000 0 . . . I
0 200 400 600 800 1000 1200
900 timestep
0.05 J ~ Fig. 4. Demonstration of real-time capacity.
g 800 &
k= ~ the best (part 1) and worst (part 9) mean NRMSE (over the
04 700 & six computed NRMSE values per part) are visible. The filter
estimates the state with an NRMSE of around 7% (5.7%
0.05 600 to 8.7%) on the configuration and around 20% (17.3% to
0.05 25.9%) on the velocity data on various cutouts of 10 s length.
-0. 500 . .
0 ) 0 As seen on the worst estimated data part, an outlier NRMSE
zinm 0.05 005 yinm of 31.0% is obtained. Regarding the Cartesian position
0.06 ] A data, a mean error of the tip position generated from the
estimation e, of approximately 5 mm at a maximal deflection
0.04 of around 64 mm from the straight configuration is observed.
0.0 o= m. Compared to the Cartesian position error, Cartesian velocity
; : / UGN errors are larger, as was also indicated by the NRMSE. The
= 0 \' AL LRI mean error on the velocity €; ranges from 69.9 mm/s to
s N 91.8 mm/s, with a maximum velocity just short of 400 mm/s,
0.02F W { B The motivation for utilizing CC kinematics for modeling
' \ . is the possibility of real-time state estimation. This is tested
004y "..‘-. by running the compiled UKF as Matlab executable (mex)
0,061 o W, and measuring its computation time (CT) in MATLAB. The
0.05 0 0.05 L) N real-time (RT) is equal to the sample time At of Section III-
' 2inm ‘ :0.,. N :‘,, A A. The results are shown in Fig. 4, a value over one indicates

Fig. 3. 3D plot of the results mapped to the Cartesian space. The estimated
stiffness is consistent over multiple periods. The observed stiffness is used
to mitigate modeling errors affecting dynamics.

In both figures, the estimated bending stiffness is outlined.
Because of the simplified model, a non-constant stiffness
behavior is estimated by the filter. An example is given in
Fig. 2. For the full data set and the first part, the initialized
estimation fits the real starting state, but convergence was
achieved even for the other parts, for which there is no
agreement between initialization and the real starting state. In
Table II, the resulting errors are shown. In order to calculate
the error after convergence, the first approximately 0.1s
are excluded. The root-mean-square error, normalized to the
maximum of the ground truth of each quantity (NRMSE) of
all states, excluding the bending stiffness, is listed together
with error measures in the Cartesian space. Resulting errors
for three data sets, the full data set as well as the parts with

the computation of the time step in real-time. Real time
state estimation is possible since the ratio of sample time
to computation time is around 13 to 14 after the filter is
initialized.

IV. SIMULATION

A downside of the presented experimental evaluation is the
necessity of attaching a rigid body to the robot’s tip to gain
ground-truth information. The aim of the presented method
is to eliminate the need to add rigid bodies to the soft system.

A. Setup

A Cosserat rod simulation is utilized to test the filter
without an additional rigid body at the robot’s tip. This
model approximates the real SPA more accurately than CC
models, but the applied numerical method comes at higher
computational costs, making it infeasible for application in-
side the UKF. The Cosserat rod simulation was optimized to
fit the real SPA as closely as possible. For more information
regarding the simulation environment, refer to [30].
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For actuation, the same pressure signal as for the experi-
mental validation is used. The simulation is conducted with
At = 5ms. The same time step size is used in the UKF. The
output of the simulation consists of the pose and velocity
of the center-line points of the SPA as well as the base
reaction forces and torques. With the reduced mass, stability
conditions for the CC model change. As less mass is present
in the system, a higher sample frequency is necessary for the
stability of the numerical integration. Real-time computation
remains possible with the smaller time step size. The model
parameters are shown at the bottom of Table I. Except for
the system noise covariance, which is tuned heuristically
to Q@ = le—10 diag(1,1,1,0.1,0.1,0.1, 1e9), the UKF
parameters remain unchanged compared to the experimental
validation. Because a simulation generated the base reaction
forces and torques, the added measurement noise is perfectly
known, and the measurement noise covariance matrix fits the
data exactly.

B. Results

Parallel to the experimental results, the simulation results
are split into ten parts of 10s. Seven seconds of state
estimation results of part nine can be seen in Fig. 5, where
convergence is observed. Contrary to the experimental re-
sults, no convergence was achieved without additional tuning
of the @ entries in two cases: part 3 and part 8. As these
data sets need special tuning, they are excluded from the
error comparison. Errors for the other data sets are given
at the bottom of Table II. As for the experimental results,
errors of three data sets are shown: the full data set, the part
with the best mean NRMSE (part 1), and the worst mean
NRMSE (part 10). Observed errors are smaller compared
to the experiment case, with NRMSE of 4.3% to 6.4% for
the configuration and 12.5% to 27.0%, with one outlier
of 38.2% at the worst result for the velocity estimation.
Improvement can also be seen in the Cartesian results. Mean
errors on the position range between 2.9 mm and 3.2 mm
with a maximal deflection of approximately 58 mm. For
the velocity, the mean error lies between 57.5mm/s and
63.7mm/s, with the maximum velocity of around 275 mm/s,
This finding is consistent with the statement from [31] that
with a load on the robot, the error introduced by the CC
kinematics becomes larger.

V. CONCLUSION

Estimation of the system’s states is achieved by evaluating
the input combined with force-torque sensor readings at the
robot’s base without affecting the system’s dynamics by in-
troducing additional mass. The results regarding the accuracy
and frequency of state estimation indicate a high potential for
control experiments of free-movement tasks. For evaluation,
the proposed filtering technique was utilized on data gathered
by a simulation employing the geometrically exact Cosserat
rod model with known noise of the measurements and on
data gathered on the real system. Similar resulting observa-
tion errors were obtained. The proposed method allows real-
time state estimation using a simple model of CC dynamics,
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Fig. 5. Worst estimation results showing convergence on simulation data.
As the same input was used, the results match the experimental study.

including the base-reaction forces and torques with the well-
known UKEF, by incorporating the bending stiffness into the
estimation scheme. The implemented material law within
the Cosserat rod model is a linear relationship between
local moments and rotational strain quantities. Therefore,
we conclude that the estimated nonconstant bending stift-
ness parameter has no further meaning but to compensate
for the strong kinematic CC assumption. Including further
parameters, e.g. damping or mass, is possible in the same
manner but would require a online sensitivity analysis to
avoid parameter drift due to the lack of parameter excitation.
Estimation on the velocity level is less satisfactory than on
the position level. If needed, velocity data can be obtained
by differentiating the position data, but it is important to
point out that in the dynamic case, velocity data is always
part of the model. Therefore, the estimation of velocity
comes without additional computational costs. Optimization
of covariance matrices could lead to improved velocity
estimations. Future research will focus on comparing the
presented results to results from simpler filters, like the EKF,
and utilizing more complex models like variable curvature or
rod models.
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