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Abstract— This work proposes derivation and experimental
validation of the robotic manipulation framework based on the
shape aware Dynamic Motion Primitives (DMPs) that enables
precise shape servoing relying on magnetic based sensing. The
magnetic sensing system, with the sensor sampling rate of 1 kHz,
outputs measurements that can be used as an estimate of the
bending angle of the deformable plastering scraper, approx-
imated as a constant curvature segment. Synthesized linear
control algorithm encompasses PD controller that accounts for
deviations in the scraper bending angle and P controller that
enables maintaining end effector pitch angle reference. The
proposed control system is combined with the Programming by
Demonstration (PbD) approach. Consequently, the presented
robotic painting system can follow the demonstrated scraper
bending angle and end effector pitch angle reference values
while replicating the demonstrated trajectory, even in signifi-
cantly altered experimental conditions.

I. INTRODUCTION

We present a framework for learning and reproducing
painting strokes using a combination of Dynamic Mo-
tion Primitives (DMPs) and shape-based servoing, enabling
robots to imitate both the motion and deformation involved
in delicate artistic tasks. Painting is an ideal testbed for this
challenge: It is difficult and time consuming to master, deeply
personal, and requires precise control of both motion and
tool deformation, characteristics shared with many delicate
industrial tasks such as polishing, welding, or fine assembly.
We focus on using a simple yet versatile tool — a plastering
knife — which naturally introduces flexible surface interac-
tions and soft deformation behaviors, making it an excellent
fit with emerging soft robotics approaches. By targeting the
nuances of stroke reproduction, we aim to push the state of
the art toward robots capable of learning expressive, tool-
based skills through demonstration.

Contactless robotic plastering and painting have already
been extensively studied in the literature [1]. Some of
the proposed solutions have even successfully enabled on-
site interaction with human operators [2]. In this work, in
addition to replicating human motion, our proposed robotic
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Fig. 1. Franka Emika Panda robotic manipulator, equipped with the
proposed magnetic sensing system and a deformable painting scraper,
drawing a simple abstract painting of a robot based on the synthetically
generated trajectories (on the left). The same robotic system replicates the
painting painted by a professional artist (placed vertically on the right). This
is achieved using shape aware DMPs and the proposed closed-loop control
system.

system also maintains contact with the surface, continuously
accounting for the shape of the plastering tool. Although
the state-of-the-art robotic plastering solutions that realize
contact with the surface are often equipped with tools that
differ significantly from the simple bendable scrapers used
by humans [3], often incorporating a parallel platform that
serves as an end effector [4], following the results from [5],
[6], we opted for a simple deformable 3D printed scraper that
enables precise shape servoing (Fig. 1). We hypothesize that,
by replicating human skill, the robot can achieve comparable
plastering and painting results even with such a simple tool.

A. State of the art

Shape servoing of soft robots is often based on mechanical
deformation models [7], with the model being generated and
the deformation being simulated using the Finite-Element
Method (FEM) approach [8]. Though such a model is
sufficient for an open-loop control [9], some authors add
an additional visual or force sensory feedback in order to
improve the accuracy by closing the control loop [10]. In
recent years, the focus has been on a model-free estimation
of a Jacobian deformation based on sensor measurements,
avoiding computationally demanding FEM analysis [11].
In most cases, the deployed proprioceptive sensors are vi-
sual [5], and often external, to avoid potential compliance
deterioration [12]. In recent years, with the development
of fiber optics sensing methods applicable for soft robotic
applications [13], there has also been a significant number
of works that propose shape servoing based on embedded
optical fibers [14]. Although fiber optics sensors do possess
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a number of inherent advantages, including miniature size,
fast response, and light weight, their main drawback is the
price, which amounts to tens of thousands of euros.

An alternative approach to shape servoing based on optical
sensors is a curvature control based on magnetic sensor mea-
surements. In this work, we follow the results from Vuletic
et al. [6] that validated the application of a custom magnetic
gradiometer for soft structure shape servoing. While using
the same sensing setup, we significantly improved the control
algorithm (Section II-B), enabling accurate replication of
human motion (Section II-C), which was not feasible with
the DEGAS system presented in [6]. Magnetic sensing is
a cost effective, highly reliable sensing method that enables
high sampling rates (our proposed system runs at 1 kHz) and
consequently a seamless real-time control. Owing to that,
several papers studied the possibility of a magnetic based
shape servoing in soft robotics. Some of the authors opted
for an external sensing array, while embedding or placing
permanent magnets (PMs) onto the soft structure [15], [16].
On the contrary, we propose embedding both the sensor and
the PMs, avoiding an additional calibration step. A similar
approach has been adopted for soft continuum robots in
[17] and [18], where an accurate shape estimation has been
achieved with the learning-based method that allowed for a
sampling rate of 40 Hz. In this work, we propose a system
that can be as accurate, but significantly faster, achieving a
sampling rate of 1 kHz and allowing for the real-time soft
structure curvature control.

The synthesized linear control algorithm can be used
alongside other Programming by Demonstration (PbD) sys-
tems to ensure adaptive task replication if the control input
for the algorithm is demonstrated by the human operator. The
movement of the human operator, together with the scraper
bending angle, is memorized, and adjusted, using a well-
known DMP algorithm [19], widely regarded as a stable
solution for movement replication. DMP-based systems have
been used as motion planning algorithms in a wide array
of automation solutions, including automation of forestry
cranes [20], locomotion of legged robots [21], and many
more. Classic DMPs control positions for motion planning,
while some tasks (such as painting or plastering) may require
specific tool orientation as well. However, DMPs can be
made implementation agnostic to handle rotations as separate
dimensions [22]. Extending the state of the art, we propose
an additional abstraction layer for recording shape that yields
shape aware DMPs capable of recording the position and
orientation of the tool tip alongside the shape of the tool
recorded in magnetic measurements. From the replication
side of the framework, we propose a novel linear control
algorithm to ensure adaptive task execution.

B. Contributions

The contributions of this work are as follows:
1) We propose a robotic manipulation framework based

on shape aware DMPs that enables precise curva-
ture control relying on magnetic gradiometer measure-
ments. The proposed system enables 1 kHz sampling

rate, allowing for the seamless real-time control.
2) Shape aware DMPs enable simultaneous motion plan-

ning and shape servoing by outputting a trajectory
coupled with the desired curvature of the soft structure.
The demonstrated trajectories can be modified, i.e.
scaled in time or space, prior to being fed to controller.

3) We present a soft robotic manipulation solution capable
of maintaining the desired soft structure curvature
while executing motion generated either synthetically
or demonstrated by the human operator, even under
conditions that significantly differ from the ones in the
demonstration stage. The proposed system is exper-
imentally validated on the robotic painting task and
compared with the existing approaches.

The methodology, including the perception, control, and
PbD approach, is presented in the following section. Sec-
tion III outlines the experimental setup, followed by the
discussion on the experimental results. Finally, Section IV
concludes the paper.

II. METHOD

The proposed robotic system, shown in Fig. 1, consists of
a Franka Emika Panda compliant robotic manipulator and a
custom-designed soft end effector used as a plastering or
painting scraper. The end effector encompasses a custom
magnetic gradiometer, a 3D printed distancer that minimizes
the influence of a rotating magnetic field generated by motors
on the gradiometer measurements, and a deformable scraper
with PMs mounted on the tip (Fig. 2). The scraper we
propose resembles the one used by artists in plastering
and painting tasks. It is a simple, 3D printed, deformable
structure that can be modeled as a constant curvature (CC)
segment, with the shape s(q), q ∈ [0, Q], where Q stands
for the scraper curvature, allowing for a simple derivation
of the kinematic model. Though a variety of formalisms can
be found in the literature for a CC segment modeling, it has
been shown that each of them yields the same transformation
from the arc base to any point c ∈ [0, D] of the modeled
segment, with D denoting the segment length [23]. Following
the results presented in [7], by simplifying the kinematic
problem to two dimensions, the position of the scraper tip,
that is, c = D, in the end effector frame Le depends solely
on the scalar curvature Q:

pD
e =

D

Q

[
sin(Q) 0 1− cos(Q)

]T
. (1)

Deriving from Eq. 1, the length of the vector pD
e , i.e. the

distance d between the root and the tip of the scraper, can
be directly obtained if the scraper curvature Q is known:

d =
D

Q

√
2 · (1− cos(Q)). (2)

Consequently, the difference between the commanded and
the actual scraper curvature Q, indirectly measured with the
custom magnetic gradiometer, as discussed in Section II-A,
can be compensated by adjusting the distance d. The adjust-
ment is realized with the implemented linear control system
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Fig. 2. Robotic manipulation based on shape aware DMPs encompasses
shape estimation based on magnetic gradiometer measurements ed and
position and orientation tracking of the end effector frame Le in the world
frame Lw with either OptiTrack motion capture system (when human
operator demonstrates the movement) or based on the robot kinematics.

(Section II-B) that allows for smooth reference tracking, even
when using an output from the shape aware DMP algorithm
as a reference (Section II-C).

A. Proprioceptive sensing

The proposed method for shape aware motion replication
requires both the scraper shape deformation estimation and
scraper movement tracking (Fig. 2). The shape of the scraper,
i.e. its curvature Q, is approximated based on the custom
magnetic sensor. Though magnetic based sensing is accurate,
precise, and fast, it often suffers form the influence of the
Earth’s magnetic field. To mitigate that problem, following
the results from [24], in this work, we measure the magnetic
tensor components instead of the magnetic flux. The mea-
surement is conducted using a custom magnetic gradiometer
and relying on the scalar ranging with improved orientation
detection (SRIOD) method. Additional details on both the
gradiometer and SRIOD method can be found in [25].

The deployed gradiometer encompasses eight equally ori-
ented 3-axial magnetometers. Based on the individual mea-
surements of magnetometers, gradient tensor contractions
(GTCs), a compact representation of the measured magnetic
field gradient’s magnitude, are calculated. To estimate the
distance between the root and the tip of the scraper, we
rely on measurements of the outer four magnetometers. First,
partial contractions of the outer sensor pairs are calculated
as follows:

CPij =
√

1
Lij

2 (B⃗i − B⃗j)T (B⃗i − B⃗j)

(i, j) ∈ {(3, 4), (0, 7)},
(3)

with L denoting the distance between the sensors and B⃗ the
magnetic gradient of the PM. The partial contractions of the

Fig. 3. The proposed control algorithm encompasses PD controller that
accounts for deviations in the scraper bending angle by rotating the robot
end effector around its y-axis and P controller that regulates the robot end
effector angle by translating the robot end effector around its z-axis. The
outputs from the controllers, i.e. linear and angular velocities, are summed
with the velocities generated by the shape aware DMP.

outer sensor pairs, CP34 and CP07 are used as an estimate
of the distance d between the root and the tip of the scraper:

ed = CP34 + CP07. (4)

This estimate is not accurate absolute distance estimation,
instead it outputs a raw value that decreases as the distance
is reduced, so for simplicity’s sake it will be referred to as
the gradiometer measurement going forward.

However, in order to mimic the motion of the human
operator, it is crucial to keep track of not only the scraper
shape, i.e. the gradiometer measurement ed, but also the
movement of the scraper itself. For that reason, motion cap-
ture reflective markers are placed along the gradiometer and
the accompanying 3D printed distancer. Using the OptiTrack
motion capture system, we were able to accurately record
both the position and the orientation of the proposed painting
tool when held by the human operator.

B. Control

With the deployed 7 DOF manipulator, the compensation
of the scraper curvature Q error can be done either by
modifying the robot end effector pitch angle (rotation around
the y-axis of the end effector frame Le), or by translating the
end effector frame along the z-axis of the same frame (Fig.
2). Consequently, the deformation of the plastering scraper
approximated as a constant curvature segment at the arc point
c = D for the curvature Q is defined as:

ṡ(Q) = Jo(s(Q)) ·
[
vze
wye

]
, (5)

where Jo(s(Q)) denotes the deformation Jacobian at the
current shape s(Q) and vze and wye

denote the outputs from
the controllers (Fig. 3).

In [6], a classic PD approach was adopted to minimize the
scraper curvature error by translating the robot end effector
along the z-axis. As the robot’s pitch angle wasn’t taken
into consideration in [6], the gradiometer could potentially
collide with the inclined surface. For that reason, we propose
compensating the scraper curvature error by controlling both
the y-axis rotation and the z-axis translation of the end ef-
fector frame. While minimizing the safety risk, the proposed
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approach also allows us to simultaneously account for the
smooth adjustments and to compensate for the larger errors
caused by irregular surfaces. Additionally, by incorporating
the rotation into the control algorithm, we gain an additional
control input, allowing us to keep the robot’s pitch angle
either at the constant reference value or to replicate the same
pitch angle used by a human operator during plastering and
painting tasks (Section II-C). Though the work of Vuletic
et al. [6] enabled for certain level of autonomous robotic
painting, the lack of additional control input prevented the
possibility of an accurate human motion replication based on
the proposed shape aware DMPs. Motivated by that, in this
work we synthesized a linear closed-loop control algorithm,
shown in Fig. 3. System identification was conducted prior to
control design using MATLAB System Identification Toolbox.
Parameters of an open-loop transfer functions are identified
based on a known input velocity signal and a specified
curvature Q, using a low-amplitude sine-wave velocity input.

The system is controlled at 1 kHz with the gradiometer
measurements being provided at the same rate. Relying on
Eq. 2 and Eq. 5, the gradiometer measurements function
ed(d) can be linearized allowing for the implementation of
the linear control algorithm:

∆ed = Jg(s(Q)) · ṡ(Q), (6)

with Jg(s(Q)) denoting the gradiometer measurement Jaco-
bian at the current shape s(Q). Due to the high sampling rate,
the measurements encompass noise filtered using a low-pass
filter with a cutoff frequency of 100 Hz. The PD controller
(Fig. 3), with tuned parameters amounting to 10−7 and 10−12

for proportional and derivative gain, respectively, takes the
distance estimate ed as an input (Eq. 4) and manipulates the
robot rotation around the y-axis of the robot end effector
(robot pitch angle). The current robot pitch angle, as well as
the reference value, are used as inputs for the P controller that
manipulates the robot position along the z-axis of the robot
end effector. Tuned proportional gain of the P controller
amounts to 0.02. Both controllers are implemented as joint
velocity controllers.

Based on the outputs of the controllers, a linear v⃗ze =
vze · ẑe and an angular w⃗ye

= wye
· ŷe velocity vector in

the z-direction and the y-direction of the robot end effector,
respectively, are generated. Linear v⃗dmp and angular w⃗dmp

velocity vectors represent either synthetically generated or
demonstrated robot trajectories. Finally, the joint velocities
⃗̇q are calculated by taking the pseudoinverse of the Jacobian
matrix:

⃗̇q = J+e

[
v⃗ze + v⃗dmp

w⃗ye
+ w⃗dmp

]
. (7)

By using the pseudoinverse of the Jacobian matrix instead of
the inverse of the reduced Jacobian matrix, as it was done in
[6], we avoid reducing the robot dexterity. Consequently, the
robotic manipulator is able to execute more complex trajec-
tories. The resulting joint velocities ⃗̇q are sent to the internal
joint impedance controller of the Franka manipulator.

C. Shape aware DMP

DMPs function as linear point attractors based on a
dampened spring with an added non-linear forcing term,
which gives them their shape:

τ2⃗̈p = αz(βz (⃗g − p⃗)− τ⃗̇p) + f⃗, (8)

where τ is the execution time of the whole operation, p is
the current position vector, g is the goal position vector, αz

and βz are dampened spring constants and f is the nonlinear
forcing term. In order to replicate a given tool trajectory, the
forcing term can be defined using weighted Gaussian radial
basis functions (RBFs)

f⃗ =
∑N

i=1 ψ⃗iw⃗i∑N
i=1 ψ⃗i

, (9)

where ψi represents a single Gaussian RBF and wi is the
weight matching each RBF. Using a given trajectory (demon-
stration), this system can calculate the weights necessary
to replicate it using linear regression. After calculating the
weights, this system can be used to replicate the stroke mo-
tion even with different start and goal positions, meaning the
task can be replicated elsewhere. While often parametrized
over time, DMPs can be parametrized over phase by deriving
p over the phase variable instead of time to allow temporal
scalability during replication. This will prove vital for the
replication phase, where slowing down the stroke execution
allows the control framework to execute it precisely.

Given that DMPs function as point attractors with an
additional forcing term, they can include any parameter with
start and end values. For that reason, we can to expand the
position vector p as an abstract state vector χ that includes
the positions p, orientations as Euler angle values η, and
the reference value of the gradiometer measurement ed - all
provided for the proposed control algorithm:

χ⃗ =
(
p⃗, η⃗, ed

)T
. (10)

The components of the state vector χ are visualized in Fig.
2.

This way of defining orientation faces the standard Euler
angle representation problem - i.e, multiple angle triplets can
describe the same orientation. This is solved by generating
multiple roll, pitch, and yaw triplet candidates for each pose’s
orientation during both demonstration and replication. At
each sample time we select the candidate most similar to the
previous pose’s roll, pitch, and yaw angles, thus numerically
solving ambiguity. The demonstrated trajectory can then be
converted to an array of poses with shape encoded as gra-
diometer measurements ed to yield shape aware DMP. Image
c) in Fig. 4 displays segmented demonstration trajectories
which can be replicated by the shape aware DMP. Due to
physical limitations of the robot, i.e. joint velocity limits
amounting to 2.175 rad/s for the first four joints of the Franka
Emika Panda robotic manipulator, the phase parametrized
DMP variant was used to scale the execution time with
the factor 10 to slow down the replication velocity and
ensure accuracy. Since demonstrated trajectories are noisy
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Fig. 4. The shape aware DMP pipeline deployed for the collaborative robotic painting task. A professional artist demonstrates the movement (b),
separated in four distinct shapes all learned and displayed individually from different angles (c). Robotic manipulator replicates the scraper movement
while maintaining demonstrated scraper curvature (d) in correct relative poses, creating a painting (f) that successfully replicates the image painted by a
professional artist (a). Overlap of the demonstrated (red) and executed (green) trajectories is shown in subfigure e).

due to imprecise measurements, the shape aware DMP output
is smoothed using a moving average smoothing algorithm
where the moving window includes 0.5 seconds of measure-
ments.

The smoothed trajectory must now be converted to refer-
ence values for the control algorithm. Alongside ed, the con-
trol algorithm uses linear and angular velocities as described
in Eq. 7. For the final step, the resulting shape aware DMP
trajectory (excluding the magnet sensor reference value) is
derived over time to output linear and angular velocities,
which are summed with equivalent velocities generated by
the control algorithm based on the magnet sensor reference
values (ed):

v⃗dmp = ⃗̇p, w⃗dmp = ⃗̇η. (11)

III. EXPERIMENTAL VALIDATION

The proposed control algorithm is implemented in the
ROS environment and validated on the robotic painting
task. First, the robotic painting system is put to test in an
ablation study where a simple linear stroke was demon-
strated by a human operator and repeated with and without
the proposed manipulation framework. Following that, the
proposed system is tasked with drawing paintings with
the constant reference values and synthetically generated
trajectories. As the next step, the constant reference values
are replaced with the reference values demonstrated by the
human operator. Additionally, the same task is executed
under altered conditions, demonstrating robustness of the
proposed approach. The results, in terms of trajectory RMSE
and shape servoing accuracy, are reported and compared with
the existing approaches.

A. Ablation study

Initial experiments are conducted on the replication of
a simple linear stroke, shown in Fig. 5. The stroke was
demonstrated by a human operator, with 1 mL of acrylic paint
placed on the predefined position. Afterwards, the stroke
was replicated by the proposed robotic system, first while
maintaining the constant scraper bending angle and then by
replicating the demonstrated bending angle during the entire
trajectory with the proposed shape aware DMPs. In both
cases, the same amount of paint was placed on the same

position, the initial pose of the robot was the same, and the
trajectory was identical to the demonstrated one. Considering
that the accuracy of the replication is highly dependent on
the initial bending angle of the scraper and in order to ensure
fair comparison, when replicating the stroke with the constant
reference value the reference was equal to the initial scraper
bending angle that the human operator demonstrated. The
results of the shape servoing are shown in Fig. 6.

The overlap of the original stroke and the replicated ones
is calculated as intersection over union (IoU), amounting to
0.57 for the IoU of the original stroke and replication with
the constant reference value, and 0.72 for the IoU of the
original stroke and the replication with the demonstrated ref-
erence value. The intersection area percentage of almost 70%
between the stroke replicated with the proposed approach
and the demonstrated one, when compared to 55% for the
stroke with the constant reference value, clearly demonstrates
the benefits of the proposed method, even in such a simple
scenario (Fig. 5).

B. Synthetically generated trajectories

In order to validate the proposed control algorithm in
more complex use case, the linear and angular velocity
vectors that result in linear and circular robot trajectories are
generated. The control algorithm was given constant scraper
bending angle and robot end effector pitch angle reference
values. The output from the controller was summed with
the generated velocities, resulting in the robotic manipulator
executing predefined linear and circular trajectories while
successfully maintaining constant scraper bending angle and
robot end effector pitch angle (Fig. 7). Consequently, the
robotic painting system was able to generate various abstract
images (Fig. 1).

C. Demonstrated trajectories

Following the initial experiments in which the synthesized
control algorithm was validated, the proposed robotic ma-
nipulation framework based on shape aware DMPs was also
tested out on a robotic painting task. A professional artist was
tasked with creating a painting using the deformable scraper,
paint and a small number of strokes while the scraper shape
and pose were being recorded, as discussed in Section II-A.
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Fig. 5. Intersection comparison of the demonstrated stroke (c), replication
with constant scraper angle (a) and shape aware replication (e). Intersection
of (a) and (c) is shown in (b) and intersection of (c) and (e) is shown in (d).
The area percentage of each color is shown near the top of the image (red
for the demonstrated stroke, green for the replicated stroke, yellow/black
for their intersection).

0 5 10 15 20 25 30
Time [s]

0

1

2

3

4

5

G
ra

d.
 m

ea
s.

10 6

Reference
Replicated stroke
Constant reference stroke

Fig. 6. Demonstrated scraper bending angle reference for a simple linear
stroke along with the executed values recorded during the stroke replication
with the proposed robotic system. For comparison, the same stroke is also
executed with the constant reference value of 5e5 (see also Fig. 5).

Afterwards, the recorded strokes were replicated using
three different control variants: pure trajectory replication
without the additional shape servoing (basic DMP), the
control approach presented in [6] (DEGAS) and the proposed
control algorithm that incorporates shape aware DMPs. Prior
to replication, velocities were scaled due to joint velocity
limits of the robotic manipulator, allowing for smooth robot
control without deteriorating the resulting trajectory. The root
mean squared error (RMSE), calculated for each of the four
demonstrated movements shown in Fig. 4, is used as an
accuracy metrics and represents deviation of the executed
trajectories from the trajectory demonstrated by the human
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Fig. 7. Reference and recorded executed values for both the scraper bending
angle and the robot end effector pitch angle while executing predefined
linear and circular trajectories.

Fig. 8. Reference and recorded executed values for the scraper bending
angle while executing motion demonstrated by a professional artist with
the proposed robotic manipulation framework on the flat surface (see also
Fig. 4). Executed scraper bending angle values recorded when replicating
the trajectory without the additional shape servoing are also shown for
comparison.

operator (Table I). The accuracy of the shape servoing,
reported in Table II, is calculated using the mean absolute
percentage error (MAPE) of the gradiometer distance mea-
surement, as a representation of the deviation of the executed
scraper angle e

(exec)
d from the scraper angle demonstrated by

the human operator e(demo)
d for N measurements:

Accuracy = 100%− 100%

N

N∑
i=1

|
e
(demo)
di

− e
(exec)
di

e
(demo)
di

|. (12)

As expected, the accuracy of the shape servoing with
the basic DMP approach, as visible from both Table II
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TABLE I
RMSE CALCULATED AS THE DEVIATION OF THE EXECUTED

TRAJECTORY FROM THE TRAJECTORY DEMONSTRATED BY THE HUMAN

OPERATOR FOR FOUR DISTINCT MOVEMENTS SHOWN IN FIG. 4.

DMP1 DMP2 DMP3 DMP4
basic DMP 0.000708 0.000750 0.001189 0.001020
DEGAS [6] 0.003650 - 0.001943 -

ours 0.001733 0.002466 0.001274 0.001639
TABLE II

SHAPE SERVOING ACCURACY FOR FOUR DISTINCT MOVEMENTS SHOWN

IN FIG. 4.

DMP1 DMP2 DMP3 DMP4
basic DMP 59.69% 15.56% 54.19% 32.06%
DEGAS [6] 95.18% - 90.02% -

ours 92.84% 94.12% 90.31% 92.52%

and Fig. 8, is unsatisfactory. It is important to note that,
without the additional control, the scraper shape is formed by
external factors, such as surface irregularities. Consequently,
when sliding along irregular surfaces, the basic DMP ap-
proach cannot ensure that the scraper remains in contact
with the surface. However, as there is no additional shape
servoing control algorithm that would introduce disturbances
into trajectory reference tracking, the basic DMP approach
can replicate the demonstrated trajectory with the smallest
RMSE.

The DEGAS framework, incorporating the scraper bend-
ing angle control, can reach high shape servoing accuracy.
Nevertheless, it allows for successful replication of only two
out of four movements demonstrated by the human operator.
The movements which could not have been executed, DMP2
and DMP4, required dexterity level which could not be
reached by controlling only six joints of the Franka Emika
Panda manipulator, as it was implemented in the DEGAS
framework.

Finally, our proposed approach based on the joint trans-
lational and rotational control approach, with the addition
of shape aware DMPs, can accurately replicate the demon-
strated trajectories while following the demonstrated mag-
netic sensor reference values and consequently maintaining
the desired scraper bending angle (Fig. 8). The comparison
of the demonstrated stroke trajectories with the replicated
trajectories executed by the robotic manipulator is shown in
Fig. 4.

The proposed robotic painting system based on shape
aware DMPs was able to successfully replicate the painting
generated by the artist (Fig. 1). It is important to note
that the paint was manually placed on the canvas prior to
replicating the strokes, causing slight differences between
the original and the replicated painting. However, even
with the velocities being significantly scaled compared to
the demonstrated ones, with the scaling factor amounting
to 0.1, and considering that demonstrated scraper bending
angle encompassed multiple sudden changes in the reference
value (Fig. 8) and the demonstrated movement required
significant change in the tool orientation (DMP2 in Fig. 4),
the robotic manipulation framework based on shape aware

TABLE III
TRAJECTORY RMSE FOR THE PROPOSED APPROACH UNDER ALTERED

CONDITIONS.

DMP1 DMP2 DMP3 DMP4
concave surface 0.003717 0.003025 0.001555 0.001767
scaled trajectory 0.001271 0.002400 0.000553 0.001724

TABLE IV
SHAPE SERVOING ACCURACY FOR THE PROPOSED APPROACH UNDER

ALTERED CONDITIONS.

DMP1 DMP2 DMP3 DMP4
concave surface 92.90% 93.65% 87.86% 87.17%
scaled trajectory 95.20% 94.55% 91.80% 87.97%

DMPs was able to successfully replicate the demonstrated
painting strokes.

D. Demonstrated trajectories under altered conditions

After successfully validating the proposed robotic manip-
ulation framework on the robotic painting task, the system
is deployed under altered external conditions, i.e. the flat
surface is replaced with the irregular one, followed by the
experiment with the altered reference input, i.e. spatially
scaled trajectories. Both the trajectory RMSE (Table III) and
shape servoing accuracy (Table IV) are reported for both
cases.

First, the flat surface on which the movements were
demonstrated is replaced with the irregular, concave surface.
As the robotic system is not a priori aware of the surface
irregularities, its control algorithm has to be able to adjust the
scraper bending angle in real-time in order to successfully
replicate the demonstrated painting strokes. In this experi-
ment, it was shown that the shape servoing accuracy, reported
in Table IV and also visible in Fig. 9, remains sufficiently
high even in such challenging conditions. Trajectory RMSE,
reported in Table III, is somewhat lower than for the flat
surface (Table I). This is expected as the surface irregularities
necessarily alter the pose of the end effector.

The proposed framework based on shape aware DMPs was
also validated to be invariant to scale. Given goal poses that
are half as far from the starting pose as the original goal
pose of each trajectory, the system is tested with performing
trajectories that are half as long. To properly validate the
execution, the output trajectories are compared to demon-
strated trajectories that have been scaled by the same factor.
Trajectory RMSE (Table III) for all of the demonstrated
movements remained as low as for the trajectories that
were not scaled (Table I). Shape servoing accuracy (Table
II) was also unchanged, except for DMP4 that required
significant rotation of the end effector. Spatially scaling such
movement introduced imperfections in the scraper bending
angle reference tracking.

IV. CONCLUSION

Motivated by the fact that humans, unlike state-of-the-art
autonomous robotic painting and plastering systems, use sim-
ple, deformable scrapers for the aforementioned tasks, this
work proposes a novel method based on shape aware DMPs
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Fig. 9. Reference and recorded executed values for the scraper bending
angle while executing motion demonstrated by a professional artist with the
proposed robotic manipulation framework on the concave surface.

for robotic manipulation validated on the robotic painting
task. The proposed method incorporates magnetic based
proprioceptive sensing system working at the frequency of
1 kHz and consequently allowing for the real-time control.
The synthesized linear control system encompasses two sep-
arate control loops for rotational and translational movement
resulting in a smooth reference tracking for both the constant
reference values and reference values demonstrated by the
human operator. Finally, combining PbD approach with the
proposed shape servoing method enables accurate replication
of the demonstrated movement even in altered scenarios and
yields significantly better results compared to the existing
approaches when tested on the robotic painting task.
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as-possible shape servoing,” IEEE Robotics and Automation Letters,
vol. 7, no. 2, pp. 3898–3905, 2022.

[12] F. Xu, Y. Zhang, J. Sun, and H. Wang, “Adaptive visual servoing
shape control of a soft robot manipulator using bézier curve features,”
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