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H U M A N - R O B O T  I N T E R A C T I O N

Intrinsic sense of touch for intuitive physical 
human-robot interaction
Maged Iskandar1*, Alin Albu-Schäffer1,2, Alexander Dietrich1

The sense of touch is a property that allows humans to interact delicately with their physical environment. This 
article reports on a technological advancement in intuitive human-robot interaction that enables an intrinsic ro-
botic sense of touch without the use of artificial skin or tactile instrumentation. On the basis of high-resolution 
joint-force-torque sensing in a redundant arrangement, we were able to let the robot sensitively feel the sur-
rounding environment and accurately localize touch trajectories in space and time that were applied on its sur-
face by a human. Through an intertwined combination of manifold learning techniques and artificial neural 
networks, the robot identified and interpreted those touch trajectories as machine-readable letters, symbols, or 
numbers. This opens up unexplored opportunities in terms of intuitive and flexible interaction between human 
and robot. Furthermore, we showed that our concept of so-called virtual buttons can be used to straightforwardly 
implement a tactile communication link, including switches and slider bars, which are complementary to speech, 
hardware buttons, and control panels. These interaction elements could be freely placed, moved, and configured 
in arbitrary locations on the robot structure. The intrinsic sense of touch we proposed in this work can serve as the 
basis for an advanced category of physical human-robot interaction that has not been possible yet, enabling a 
shift from conventional modalities toward adaptability, flexibility, and intuitive handling.

INTRODUCTION
The steadily increasing capabilities of modern robotic systems will 
make them excellent collaborators in various scenarios in the future, 
ranging from manufacturing setups (1, 2), space cooperation tasks 
(3), and health care and medical applications (4) to daily life assis-
tance (5). Thus, combining and fusing human problem solving, rea-
soning, and perception with the precision and speed of robots is a 
highly active field of research. In the literature, one can find numer-
ous modalities in the context of human-robot interaction (HRI) that 
serve as interfaces (6–9), including vision-based approaches (10–
13), voice-recognition methods (14, 15), or physical-contact inter-
action techniques (16, 17). However, the question of how to achieve 
intuitive physical HRI is challenging and still demands substantial 
advancements. Enabling a sense of touch is one step in the right di-
rection so that robots can efficiently interact with humans and their 
environment in a safe way. Moreover, a wide variety of applications 
will benefit from this advanced feature, including the accurate iden-
tification of physical contacts in terms of location, force intensity, 
and direction and the use of this information as an additional com-
munication dimension.

In the classical approaches for physical HRI, force-torque and 
joint-torque sensors are used for control purposes (compliance, vi-
bration suppression, and collision reaction), whereas precise tactile 
information, such as the location and intensity of contact forces at 
any point on the robot, requires explicit tactile sensing. The latter is 
not yet an industrial standard because of several limitations to be 
mentioned below.

Explicit tactile sensors and artificial skins placed on the surface 
of the robot provide effective means for detecting physical interac-
tions (18, 19). However, the forming procedure with respect to 

the curved surfaces of a robot can be challenging. Despite various 
sensors reaching a high level of maturity, coverage of the entire ro-
bot, the corresponding wiring, communication, and power supply 
remain points of considerable complexity. Moreover, depending on 
the technology, it can be hard to ensure sufficient robustness against 
impacts and in the case of collisions. In (20), touch modules that 
form a grid to cover specific parts of the robotic structure were de-
veloped. Although the maximum resolution for the identification 
depends on the size of the elements (21), the immense potential of 
such an approach lies in the full coverage of the entire system, such 
as in humanoid robots (22). Conversely, using soft materials can en-
able partial robot coverage through modular patches, albeit with a 
limited range of applied force. In this context, a bioinspired tactile 
skin was empowered by deep learning algorithms to decode contact 
forces (23), and the authors of (24) used room-temperature liquid 
metals attachable to human skin with the ability to map the signals 
to the robotic system as a result of sensor deformation. The robotic 
skin developed in (25) with mechanically gated electron channels 
achieves sliding tactile perception with high sensitivity and real-
time feedback, which can be used as artificial fingerprints for grasp-
ing. A soft magnetic tactile sensor is presented in (26), consisting of 
a flexible magnetic film that deforms in response to external forces 
detected by a Hall sensor through changes in magnetic flux densi-
ties, with the property of force self-decoupling. Furthermore, a 
biomimetic robotic skin based on hydrogel-elastomer hybrids and 
tomographic imaging, designed as a soft, resilient whole-body tac-
tile sensor with reparability, is detailed in (27). In the fabrication of 
displays, normal-direction force measurements can serve as an al-
ternative for the standard technologies integrated in touchscreens or 
to enhance the pressure sensitivity (28, 29).

The identification and isolation of external interactions via inte-
grated joint-torque sensors in combination with model-based dy-
namics observers can be regarded as one of the standard approaches 
in modern torque-controlled lightweight robots (30). Having knowl-
edge about the contact forces supports active control, for example, to 
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maintain contact during grasping, apply a specific time-dependent 
force profile (31), or optimize the contact in terms of permissible 
forces as a collision reaction strategy (32). The estimation capability 
can be further improved by integrating additional instrumentation 
in various places in the kinematic chain of the robot, which is usu-
ally realized by means of a distal, six-dimensional (6D) force-torque 
sensor close to the end effector. We refer to such a setup with more 
available force-torque measurements than the number of actuated 
degrees of freedom as “sensing redundancy” in the following. How-
ever, in the literature, the direct use of such additional sensor signals 
is constrained because of the need to correctly compensate for dy-
namic effects to obtain the actual quantities that describe the ex-
ternal interaction. In practice, this implies the measurement or 
estimation of accelerations, which is known to be problematic in 
terms of accuracy, sensor noise, or availability in general. Besides 
model-based methods, the localization of contacts on the basis of 
the interaction force information can be achieved using computer 
vision–based approaches, machine learning, or optimization tech-
niques (33–36). Yet, some limitations and challenges still exist, in-
cluding aspects of real-time capability, the restriction to nonsingular 
configurations, or the limitation to an area near the end effector. Al-
though this classical setup restricts the estimation of physical inter-
actions primarily because of the configuration-dependent mapping 
between applied external forces and measurable joint torques, we 
have recently shown that the introduction of considerable sensing 
redundancy can overcome all of these issues and yield highly accu-
rate estimates (37). Apart from that, the approach enables the detec-
tion and isolation of multiple contacts simultaneously and in real 
time, even in singular configurations.

In the context of human-robot collaboration, it is desirable to 
have robots and operators working within a shared workspace, 
where robot and human perform tasks concurrently or even joint-
ly (38). However, there is always the question of how to physically 
communicate the human intentions to the robotic system. From 
the HRI point of view, different sensory approaches with different 
perception goals are used to detect and classify the human interac-
tion. Among common interaction methods, one finds proximity-
based sensing for halting conditions (39) and force-based sensing 
for initiating tasks (40). Naturally, the general interest goes beyond 
the sheer identification of human contacts as binary signals to in-
clude the much richer possibilities of physical interactions.

Here, we targeted this latter category and used integrated sensors 
to equip a robot with intrinsic tactile capabilities that enabled us to 
exploit the rich nature of sensitive interactions (Movie 1). We shifted 
the scope of contact forces applied to a robotics structure beyond 
their conventional use and presented an intuitive method for physi-
cal human-robot communication and interaction by simply touch-
ing the surface of the robot (see Fig. 1). In contrast with the use of 
explicit tactile instrumentation, the use of internal sensors has the 
advantage that the range of permissible and manageable interaction 
forces is considerably larger, particularly in the high-load region. 
Because of the effective combination of model- and machine learn-
ing–based algorithms, there is no need for any explicit tactile sen-
sors in our approach. We introduce a unified sensing concept for 
control, safety, and tactile interaction that involves the entire body 
of the robot, and we present the entire pipeline required to achieve 
this breakthrough. Multiple contacts on the structure can be detect-
ed simultaneously and in real time, without limitations such as the 
restriction to nonsingular configurations or regions close to the end 

effector. By means of the introduced intrinsic sense of touch, one 
can write or even draw on the surface, and the robot is able to auto-
matically identify and interpret these abstract commands. We estab-
lished this intuitive communication link by applying both manifold 
learning techniques and rotation-invariant convolutional neural 
networks (RICNNs) in an intertwined way. Additionally, we intro-
duced the concept of virtual buttons, which can be flexibly placed 
anywhere on the robot surface and assigned any desired functions 
such as slider bars or switches. Our proposed technology can serve 
as the basis for an unexplored class of interaction modalities be-
tween humans and robots in the future.

RESULTS
The presented approach to enable the sense of touch was achieved 
through the effective intertwining of various technologies. On the 
hardware side, the unique mechatronic design of the SARA robot 
provided the sensing redundancy, whereas the precise multitouch 
point localization introduced in the following was grounded in the 
recently developed momentum-based monitoring method (37) that 
directly exploits this hardware feature.

In this section, we summarize our main results and contributions, 
starting with the identification and extraction of time-dependent 
trajectories on the surface of the robotic structure, which describe 
the physical interaction in terms of location and intensity. Afterward, 
we geometrically unfold these trajectories through manifold learn-
ing techniques to obtain a flat representation, which can be fed to a 
deep learning–based algorithm for recognition in a follow-up step. 
In this way, we close the gap between the analog physical HRI and 
its digital use to command the robot, for example, through written 
machine-readable code [American Standard Code for Information 
Interchange (ASCII) code] or the activation of buttons on the surface 
of the robot structure.

Hardware overview
Here, the German Aerospace Center (DLR) SARA system, short for 
Safe Autonomous Robotic Assistant, was used (see Fig. 1). It is the 
successor of the DLR lightweight robot (41), a worldwide well-
known force-sensitive arm, which has been established in various 
research and industry applications. The actuators in SARA are 
equipped with both motor- and link-side position sensors. These 
high-resolution magnetoresistive-type encoders measure the joint 
positions before and after the gear transmission, and they are essen-
tial for the low-level joint control to properly handle the intrinsic 
elasticity in such lightweight robots (42). All force-torque sensors 

Movie 1. Overview of the intrinsic robotic sense of touch method. 
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are fully integrated within the mechanical structure for safety and 
control purposes. Being of a strain-gauge–based type with optimized 
design, they feature high sensitivity and resolution. Two 6D force-
torque sensors are deployed; one is integrated in the base and an-
other in the wrist of the manipulator. In addition, the system has 
torque sensors in each of the revolute joints along the articulated 
kinematic chain, four in total. Consequently, with these 16 measure-
ments, the robot features sensing redundancy with respect to the 
seven actuated degrees of freedom. All signals and sensory data were 
provided at a high rate of 8 kHz with a 16-bit resolution, enabling the 
robot to realize Cartesian contact stiffness values of up to approxi-
mately 20,000 N/m at the end effector.

Touch trajectory
In the following, we refer to the combination of applied contact 
forces and the corresponding time sequence of contact points as 
the “touch trajectory.” Touches could be applied to arbitrary places 
on the robot body and irrespective of the joint configuration. This 
feature was enabled by the underlying fusion of multiple sensor 
signals by means of the dynamically decoupled momentum-based 
monitoring approach. In this way, we established an intrinsic tactile 

property associated with the robot surfaces, thereby unlocking an 
unexplored sense of touch. Figure 2A depicts the example of draw-
ing a digit “8” on the curved surface of the robot structure. Because 
such touch trajectories are naturally subjected to noise, an interme-
diate smoothing step was introduced. After filtering, a smooth touch 
trajectory was generated as shown in Fig. 2A, visualizing the result 
on the robot structure and in 3D space with the corresponding 
force vectors. Optionally, one could use an additional smoothing 
layer to obtain a piecewise approximation such as represented 
through splines or Bézier curves.

Unfolding with manifold learning
To interpret the touch trajectories, we obtained a lower-dimensional 
representation with manifold learning techniques for nonlinear di-
mensionality reduction. The goal was to eliminate the effect of the 
curvature on the links of the robot and provide an independent, flat 
representation of the extracted trajectory. Originally, the applied 
trajectory was a path in 3D Euclidean space, which was located on 
and constrained to the surface of the robot structure. This resulted 
in a 2D manifold embedded in 3D space, as depicted in Fig. 2B, be-
cause the dimension could be reduced without any loss of information. 

B

C
D

A

Fig. 1. The intrinsic sense of touch. Sensitive writing or drawing on the structure (A) is automatically interpreted using convolutional neural networks (B). (C) The accu-
rate reconstruction of the physical interaction is achieved through nonlinear dimensionality reduction via machine learning techniques. (D) The provided intrinsic sense 
of touch offers various interaction modalities without the necessity of any explicit tactile sensors.
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Fig. 2. External forces and contact points (touch trajectory). (A) Extracting the touch trajectory by continuously tracking the contact point and the intensity of interac-
tion. (B) Unfolding of the touch trajectory applied on the robotic structure and its subsequent interpretation. To obtain a flat representation of the original touch trajec-
tory, a nonlinear dimensionality reduction was performed using manifold learning techniques. In addition, the performance of the neural network–based interpretation 
of digits and letters is illustrated using the touch trajectories from 20 persons writing on the robot surface. Recognition accuracies of 95.5% and 90.4% for the digits “0” to 
“8” and the characters “A,” “B,” “C,” “D,” “E,” “F,” “G,” “H,” “I,” and “Z,” respectively, were achieved. In addition, the mean writing forces and their distributions are shown over the 
collected data of digits and letters. Here, the violin plot highlights the force distribution, the black box includes the second and third quartile, and the horizontal line goes 
through the median. 
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The 2D equivalent of the touch trajectory was approximated via Iso-
map (43), which yielded a suitable format to be processed by deep 
learning–based algorithms for handwriting recognition in the sub-
sequent step. The obtained local manifold included both the touch 
trajectory and adjacent, extra points to accurately unfold the local 
area around the points of interest. The relations between the 
original points on the curved surface and the unfolded planar repre-
sentation are highlighted in Fig.  2B. The situation after this un-
folding step was similar to the writing on a modern touchscreen 
device. If a simple plane projection was used instead of proper 
unfolding, the distortion due to the curvature would notably affect 
the result, because the original shape of the touch trajectory would 
not be adequately preserved.

Touch recognition with group-equivariant deep learning
Extracting the textual interpretation of the applied touch trajecto-
ries could be exploited for intuitive physical interaction. Among 
others, the textual information could be used to program the robot, 
trigger the execution of commands, or parameterize specific tasks. 
We achieved the trajectory classification through the incorporation 
of the rotation-invariance property of the network design using 
group convolutional neural networks. Flat trajectories were obtained 
with random orientations resulting from 3D original touch trajecto-
ries because of different robot configurations and writing perspec-
tives of the user. The model was trained using upright handwritten 
data, whereas the evaluation was done on arbitrarily oriented touch 
data. The processing and analysis of the touch trajectory started as 
soon as a contact force threshold was exceeded and ended if no 
more contact points were registered. An additional time threshold 
was added to trigger the recognition and separate individual touches. 
As a consequence, the interpretation of symbols (characters, signs, 
and numbers) was achieved, for example, as standard ASCII code to 
be subsequently processed by a higher-level artificial intelligence 
(AI) instance. In Fig. 2B, statistical results for the predicted labels of 
the neural network are shown for the digits “0” to “8” and the char-
acters “A, B, C, D, E, F, G, H, I, Z,” with prediction accuracies of 
95.5% and 90.4%, respectively. Additionally, a statistical analysis of 
the collected data with respect to the writing forces was reported. 
Although the training of the neural network was based on a publicly 
available handwritten digits and letters dataset [EMNIST (Extended 
Modified National Institute of Standards and Technology)], the sta-
tistical evaluation on the SARA system involved 20 persons writing 
on the robot structure with a total of 2300 samples. Note that the 
digit “9” was deliberately omitted here because of the ambiguity 
with regard to “6.” Figures S1 and S2 include the additional evalua-
tion of all digits “0” to “9,” and fig. S3 illustrates a selected sample of 
handwritten letters. A sequence of applied touch trajectories and 
their corresponding recognition are illustrated in movie S1. The 
user in Fig. 3A used the automatic interpretation of written digits to 
command the robot to approach different Cartesian end-effector 
positions that directly related to the numbers “1” and “3.” Com-
manding the robot to achieve various goals through touch trajecto-
ries with different applied symbols is demonstrated in movie S2.

Virtual buttons and applications
Besides AI-driven touch recognition and interpretation, we intro-
duced the concept of customized virtual buttons, which represent an 
interaction modality to enable the digital activation of tasks or realize 
specific functionalities. The buttons could be custom-designed to 

take different shapes, and they could be arbitrarily assigned along 
the robot structure (see movie S3) to accommodate both discrete 
and continuous touches depending on the desired output quantity. 
Various control modalities could be performed (see fig. S4). In the 
application illustrated in Fig. 3B, pressing the button directly led to 
a (pre)programmed motion at the end effector. Alternatively, inter-
acting by continuously pushing a button could be used to trigger 
time-dependent higher-level commands. Figure 4A illustrates this 
case. After assigning the virtual button to a specific area, the 
functionality of continuously moving the end effector upward and 
downward was enabled as illustrated in movie S4. Figure 4 (B and C) 
demonstrates the activation procedures for discrete and continuous 
buttons, respectively. As soon as a force threshold was exceeded, the 
corresponding command was executed. In the first case, the four 
functionalities F1 to F4 were triggered, whereas the latter scenario 
related to the activation of the continuous translational motion in 
the Cartesian space of the end effector. The button shapes and loca-
tions could be taught through human demonstration by selecting 
the feature points of the button shapes as exemplified in movie S5. A 
template could be used for common shapes, and their parameters 
could be specified by the user’s touch as well (for more details, 
see fig. S5).

Optionally, additional tools could be physically attached to the 
robot to actively write on. For instance, a flat plate could be mounted 
at the end effector for this specific purpose, as illustrated in Fig. 1D. This 
option is advantageous if the robot features automatic tool-changing 
capabilities such that the additional tool can be automatically requested 
when needed as an extended list of functions or auxiliary flat area to 
handwrite commands. The SARA robot provides such a feature so 
that the user can assign a virtual button to request the additional 
functions. In principle, this reduces the programming effort and 
offers enormous flexibility, particularly during human-robot coop-
eration scenarios. The tool could be used to define a sequential pro-
cess that contains several defined functions or to choose a complete 
manufacturing routine (see movie S6 and fig. S6).

Given that slider bars have been established as practical tools in 
various contexts of our everyday life such as in smartphones or tab-
let computers, their adoption for intuitive robot programming seems 
natural. The sense-of-touch feature straightforwardly enabled this 
modality as illustrated in Fig. 5. Potential use cases involved the 
variable, stepless tuning of the controlled Cartesian stiffness at the 
end effector for setups such as in movie S7, the adjustment of thresh-
olds to define safety boundaries, or more trivial instances such as 
simple volume control. We envision a flexible way to adapt and re-
configure the whole interaction setup, for example, through flexible 
placement (Fig. 5A), continuous activation (Fig. 5, B to D), and in-
tuitive drag-and-drop actions (Fig. 5E).

DISCUSSION
In contrast with the conventional ways of physical HRI, the exploita-
tion of sensing redundancy enabled us to provide an intuitive and 
handy communication link between human and robot that offers 
substantial advancements compared with the state of the art. Be-
cause of the use of the integrated force-torque sensors instead of 
explicit tactile instrumentation located on the robot surface, the to-
tal range of interaction forces was considerably extended. This result 
comes with the advantage of using only one type of sensor without 
the need for artificial skins, which are usually expensive and feature 
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a high level of complexity when used to cover the entire robot. The 
permissible intensity was only limited by the characteristics of the 
proprioceptive sensors themselves, which were chosen in the design 
phase to naturally handle the entire operational range of the robot. 
Moreover, all locations on the robotic structure can be used with 
this approach.

By means of multilayer learning techniques, we were able to lift the 
intrinsic sense of touch to high levels of interaction modalities because 
even abstract communication such as through written text was auto-
matically interpreted and processed in real time. One has to note that 
the training data currently cover digits and letters only. Yet, the exten-
sion to new symbols is actually straightforward and describes the 
next evolutionary step to improve the performance of our approach.

Although some of the current experimental validations cover 
static situations for the sake of transparency, our proposed HRI 
communication link can also be established and active during high-
ly dynamic motions of the robot as can be seen in movie S8. This 
feature is because of the precise estimation of external interactions 
using an internal dynamic model (37) in combination with the sens-
ing redundancy that, in turn, further improves the overall accuracy.

The main limitations of the proposed approach relate to the maxi-
mum number of simultaneous points to be detected with the current 
amount of sensing redundancy. Currently, only two contacts can be 
properly detected. This is sufficient for most interaction scenarios, 
whereas the integration of more force-torque sensors in the kinematic 
chain of the robot would increase this number. Furthermore, the 
calibration effort of the sensors is time consuming because the per-
formance of the contact detection depends on the accuracy of each 
sensor. Last, it has to be noted that, depending on the location of the 

physical interaction and the current joint configuration, the resolu-
tion is about 0.1 N, but it might be less accurate than tactile skins in 
the low-force region, for example, for measuring very light touches.

In terms of future work, we believe that the fusion of tactile in-
strumentation with the proposed method will synergistically com-
bine the benefits of two physically different approaches, which might 
be highly efficient in terms of absolute accuracy, robustness, and 
reliability. Moreover, additional tactile instrumentation will endow 
the system with the capability to detect areal touches, which is 
advantageous in applications such as tactile exploration. Such a 
combination of technologies would further increase the amount of 
sensing redundancy in the system, naturally facilitating more simul-
taneous contact points to be detected in parallel.

MATERIALS AND METHODS
In the following, the touch recognition procedure is outlined on the 
basis of the scheme in Fig. 6. Using the monitoring of the physical 
interaction, the multipoint trajectory can be concluded. The dimen-
sionality reduction in the subsequent steps provides the basis for the 
classification of this trajectory and the recognition and textual inter-
pretation of potential characters, digits, or symbols. Last, virtual 
buttons as efficient instances of the application-driven use of this 
approach are described, followed by their deployment in the task 
execution on the robotic hardware.

Momentum-based interaction monitoring
External forces and torques can be estimated by means of the gen-
eralized momentum (30) while avoiding the problematic inversion 

B

A

Fig. 3. Touch recognition. (A) The interpretation of written digits on the robot surface as machine-readable code is used to intuitively command the robot. The touch 
trajectory for writing digit “1” is applied, the trajectory is successfully recognized, and the assigned task is executed accordingly. Similarly, applying digit “3” triggers the 
execution of the corresponding task. (B) Likewise, virtual functional buttons can be placed anywhere on the structure to assign high-level tasks.
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of the inertia matrix and eliminating the need for measured or es-
timated joint accelerations. Conventionally, such feedback on ac-
celeration is required, even in the presence of force-torque sensors. 
Here, the sensing redundancy was exploited in the dynamics for-
mulation through the introduction of additional virtual joints that 
are kinematically locked by definition. This strategy resulted in 
extended equations of motion subject to external contacts:

where A
(

q̄
)

̇̄q = 0 , with the generalized extended coordinates 
q̄ ∈ ℝ

n̄ expressed as

which contains the original joint coordinates q ∈ ℝ
n, the virtual co-

ordinates q
b
∈ ℝ

n
b of a base sensor, q

ui
∈ ℝ

nui of a user-interface 
sensor, and q

ee
∈ ℝ

nee of an end-effector sensor. Herein, n̄ = n + k is 
the number of extended coordinates in consideration of the physical 
presence of the additional sensors, where n is the number of actuat-
ed joints with the respective positions q and k = nb + nui + nee 
equals the number of additional redundant sensor signals that result 
in the kinematically locked joints in Eq. 1. The symmetric and posi-
tive definite inertia matrix is M̄

(

q̄
)

∈ ℝ
n̄×n̄ , the Coriolis and cen-

trifugal matrix is C̄
(

q̄, ̇̄q
)

∈ ℝ
n̄×n̄ , and the generalized gravity forces 

are described by ḡ
(

q̄
)

∈ ℝ
n̄ . Furthermore, the term �̄ denotes the 

generalized joint forces collocated to the extended coordinate vector 
q̄ . The external wrench Fext

∈ ℝ
m with total task space dimension m 

is mapped to generalized external forces �̄ext ∈ ℝ
n̄ via the geometric 

contact Jacobian matrix J c
(

q̄
)

∈ ℝ
m×n̄ according to

M̄
(

q̄
)

̈̄q+ C̄
(

q̄, ̇̄q
)

̇̄q+ ḡ
(

q̄
)

= �̄+ �̄
ext

+A
(

q̄
)T

� (1)

q̄ =

⎡

⎢

⎢

⎢

⎢

⎣

q

q
b

q
ui

q
ee

⎤
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⎦

(2)

�̄
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= J c
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q̄
)T
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Fig. 4. Concept of virtual functional buttons. The physical placement of such buttons can be freely specified on the robot surface, and each button can be assigned to 
a specific function or task as shown in (A). The set of buttons in (B) contains numbered functions (F1 to F4), which are triggered randomly. In (C), a continuous, single-
direction motion of the end effector is commanded by pressing the corresponding directional arrow button.
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The term �̄ext ∈ ℝ
n̄ represents the extended generalized external 

forces due to the sensing redundancy. The constraint Jacobian matrix 
imposed by the velocity constraints of the locked joints is defined by 
A ( q̄ ) ∈ ℝ

k×n̄ , where � ∈ ℝ
k describes the set of Lagrange multipli-

ers. Although the redundant sensors may feature various levels of 
complexity in terms of the number of directions of measurements, 
the most common type is certainly the classical 6D force-torque sen-
sor. Accordingly, the generalized external forces are augmented to

with the additional external wrenches defined as

Here, f ext
b
, f ext

ui
, f ext

ee
∈ ℝ

3 and mext
b
,mext

ui
,mext

ee
∈ ℝ

3 describe the 
external force and moment components exerted at the base, user 
interface, and the end effector, respectively.

This concept is illustrated in Fig. 7, where the constrained sen-
sorized 6D joints of the SARA robot are expanded to represent the 
force and torque-sensing capabilities at specific places in the articu-
lated chain. On the basis of the concept of sensing redundancy and 
the proposed dynamics formulation, the extended generalized mo-
mentum of the system is given by

�̄
ext

=

⎡

⎢

⎢

⎢

⎢

⎣

�
ext

�
ext

b

�
ext

ui

�
ext

ee

⎤

⎥

⎥

⎥

⎥

⎦

(4)

�
ext
b

=

[

f ext
b

mext
b

]

, �
ext
ui

=

[

f ext
ui

mext
ui

]

, �
ext
ee

=

[

f ext
ee

mext
ee

]

(5)

2 4 6 8 10 12 14 16 18 20
Time [s]

0

0.5

1

S
lid
er
 o
ut
pu
t

2 4 6 8 10 12 14 16 18 20
Time [s]

-5

0

5

10

15

Fo
rc
e 
[N
]

Force x
Force y

Force z
Force norm

Force x
Force y

Force z
Force norm

E

BA C

D

y
z

x

Fig. 5. Slider bar as instance of a continuous virtual button. Apart from discrete inputs such as in switches, continuous or quasi-analog modes such as the depicted slider bar 
can be realized with the proposed method. Such objects can be easily placed (A) on a predefined area along the robot structure. The user can actively change the level of the 
virtual slider (B and C), and its normalized output (D) is potentially mapped to a task parameter (for example, end-effector stiffness). Via drag and drop on the surface of the 
robot, the setup can be adapted in a flexible and intuitive way (E).

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Iskandar et al., Sci. Robot. 9, eadn4008 (2024)     21 August 2024

S c i e n c e  R o b o t i c s  |  R e s e ar  c h  A r t i c l e

9 of 14

resulting in the observer dynamics

where

with the diagonal gain matrix K̄o = diag
(

K̄o,1, … , K̄o,n̄

)

 and 
n̄ = ḡ + C̄ ̇̄q − ̇̄M ̇̄q . For compactness and the sake of readability, 
the dependencies on the states have been omitted. Consequently, 
the observer output is

p̄ = M̄
(

q̄
)

̇̄q (6)

̇
�̄�

ext

= K̄o

(

̇̄p −
̇
�̄p
)

(7)

̇
�̄p = �̄ − n̄

(

q̄, ̇̄q
)

+ �̄�
ext

(t) (8)
�̄�
ext

(t)= K̄o

(

p̄(t)− ∫
t

0

(

�̄− n̄
(

q̄, ̇̄q
)

+�̄�
ext
)

dt− p̄(0)

)

(9)

Fig. 6. Overview of the touch recognition approach. On the basis of the external force estimation, the physical interaction is detected, localized, and geometrically 
unfolded. The obtained pixel image is processed through a convolutional neural network, followed by the semantic interpretation of the predicted result and its use in 
the commanding of the robot.
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The relation between the extended residual (9) and the external 
generalized forces is determined by ̇�̄�

ext

= K̄o

(

�̄
ext

− �̄�
ext
)

 , which 
represents a first-order filter applied to the acting external forces. 
Further definitions of the used and sensed quantities can be found 
in the Supplementary Materials.

Multipoint localization
The sensing redundancy arrangement in combination with the mo-
mentum monitoring method facilitates the identification of multi-
ple simultaneous contacts and their locations. We computed both 
the contact location and the intensity of interaction for single and 
multiple contact scenarios, and we unified the representation of the 
external forces by mapping them from different locations to the ro-
bot base. The base sensor acts, in this case, as a collection point that 
measures all of the interactions to be counterbalanced by the envi-
ronment. Therefore, it can be used to split the external wrenches 
applied along the structure, that is,

where �extsurf
=

[

f extsurf
Tmext

surf
T
]T

∈ ℝ
6 is defined in the base frame 

. Touching the robot at random locations can be regarded as push-
ing or impulse forces with zero local torque; thus, the locations can 
be determined uniquely. We extracted the contact points along the 
structure by means of the associated external wrenches through the 
vector between the base frame and the line of force action using 
the pseudoinverse solution xsurf = −S

(

f extsurf

)#

mext
surf

 . Herein, S(⋅)  
describes the skew-symmetric matrix operator, and Ad is the adjoint of 
the transformation. The line of force action crossing xsurf   can be 
expressed as

Having full knowledge of the robot geometry, we can identify the 
actual contact point along the line of the force action through the 
intersection with the surface ic

 of the involved link ic. This point 
corresponds to a specific value αsurf of the varying parameter α and 
accordingly to a specific location along the structure lsurf(αsurf) 
as shown in Fig. 7. Similarly, we can map the external wrench at 
the end effector to the base frame as �extee

= AdT
gEE

�
ext
ee  , where 

�extee
=

[

f extee
Tmext

ee
T
]T

∈ ℝ
6 , and determine the minimum dis-

tance xee to the line of force action analogous to xsurf. With reference 
to Eq. 11, the corresponding contact location lee(αee) can be directly 
obtained. This process can be iteratively repeated until all available 
or redundant sensors in the areas of interest have been incorporated. 
Additionally, we can also find the contact at the user interface lui(αui). 
The localization of the contacts can be robustly achieved over differ-
ent regions on the structure, because the proposed method does not 
require a minimum number of involved joints. Even contacts be-
tween the base and the first joint of the robot can be correctly identi-
fied. The accurate contact localization based on the momentum 
monitoring method offers a practical way to provide tactile infor-
mation using the intrinsic sensing redundancy. Naturally, the maxi-
mum number of simultaneous interactions to be detected is limited 
by the number of sensors or the richness of the sensing redundancy, 
respectively.

Touch trajectory extraction
We call the chronological sequence of contact points simply touch 
trajectory. Such trajectories basically describe the tracking of the 
contact force over space and time t, described by the respective 

τextsurf
= �

ext
b

− AdT
gUI
�
ext
ui

− AdT
gEE

�
ext
ee (10)

lsurf(α) = xsurf + α

(

f extsurf
∕‖
‖f extsurf

‖

‖

)

(11)

surf

Fig. 7. The concept of force-torque sensing redundancy on the SARA robot. The expanded regions show a possible arrangement of 6D force-torque sensors, which is 
considered here as sensorized constrained joints. This illustrates a typical example for a collaborative manipulator with fully integrated sensing redundancy. The contact 
location is defined by the intersection between the line of force action and the geometrical surfaces. Because of the sensing redundancy concept and momentum moni-
toring, the multicontact locations can be determined in real time. The external force f ext

surf
 applied along the robot structure is identified with its direction and localized at 

lsurf(αsurf). Similarly, the applied external force f ext
ee

 for the end effector is identified and localized correspondingly with lee(αee).
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components l(t) (location) and f (t) (force intensity). In general, 
multiple trajectories can simultaneously occur. In this section, 
we considered the touch trajectory as user input in the form of ink 
for writing or drawing, which can be divided into separate pen 
strokes. The goal was to extract the textual interpretation of 
the input data. The touch trajectory is a sequence of N contact loca-
tion points l(t)= (x(t), y(t), z(t)) or li(ti)= (x(ti), y(ti), z(ti)), where 
i = {1,…,N}, and it is also associated with the contact forces f(t) = 
(fx(t), fy(t), fz(t)). Usually, the force signal f  and its location l are re-
corded at a high rate; thus, resampling the location data to a lower 
rate reduces the computation time for further processing. This resa-
mpling was conducted through the extraction of relevant points and 
the elimination of duplicates in the trajectory. Moreover, an equidis-
tant linear sampling over the geometrical path was performed dur-
ing these steps, making the approach independent of system-specific, 
native sampling or clock rates, respectively. For SARA, the number 
of data points was drastically reduced because the raw data were re-
corded at 8 kHz. The contact forces f  (which can be further specified 
as fsurf for the surface or fee for the end effector) are already filtered 
through the first-order dynamics of the momentum-based observer, 
parameterized by K̄o . For improved robustness, a localization con-
tact force threshold was used, namely, 2 to 4 N for contacts on the 
main structure and 0.5 to 2 N for touches after the end effector, on 
the basis of the robot velocity. Additionally, the touch trajectory 
was filtered on the position level to remove any jitter resulting from 
writing on the robotic surface.

One way to approximate trajectories in space is through Bézier 
curves, as is commonly done in the representation of handwritten 
data on digital devices to obtain natural results (44). It provides both 
filtering and smoothing effects as well as a compact representation 
of the original input, which can be used to render the handwritten 
data smoothly or even upsample it afterward, if necessary. Here, 
parametric cubic Bézier polynomials were used to fit the 3D original 
trajectory. The polynomial coefficients � were computed to mini-
mize the sum of squared errors (SSEs) between the smoothed trajec-
tory l̂  with index s and the original one

Additionally, the SSE was used as splitting criteria to define 
piecewise Bézier curves. If the error was larger than a specified val-
ue, the curve was split to meet this constraint, because the set of 
parameters � is individually determined for each piecewise Bézier 
curve. The splitting helps to preserve the intended sharp corners in 
the applied touch trajectory. In case of multistroke characters, the 
ink (touch trajectory) was segmented to split the different strokes on 
the basis of a force threshold. In other words, the SSE was used for 
separations within one stroke (between corners), whereas the force 
threshold was used to separate individual strokes, which are not 
connected. Figure 8 shows one example of a multistroke character, 
namely, the character “B,” where the splitting was performed on the 
basis of the SSE and the applied force threshold.

Dimensionality reduction
The touch trajectories were expressed as 3D curves in Euclidean 
space constrained by the surface of the robotic structure. This resulted 
in a 2D manifold embedded in 3D space. Consequently, the dimension 

can be reduced without any loss of information. Manifold learning 
techniques offer tools to map from ℝD onto a lower-dimensional 
space ℝd (with d <D, which represents the unfolding of the origi-
nally applied shape. By deploying Isomap (43), one can perform the 
dimensionality reduction by means of a measured local metric to 
capture the underlying global geometry of the input data. Addition-
ally, it provides a globally optimal solution for a broad class of non-
linear manifolds, and it guarantees asymptotic convergence to the 
actual geometric structure.

Let us consider the set of touch points l = {l
i
}
i=1..N ∈ℝ

D (which 
can be further specified as lsurf  for the surface or lee for the end effector) 
that belongs to the manifold ic

 to be mapped to xp = {xpi}i = 1. . N ∈ ℝd, 
where D = 3 and d = 2 for a planar unfolding. To increase the 
accuracy of the unfolded trajectory, the area of application can be 
extracted by sampling a set of surface points surrounding the origi-
nal touch points. The points were placed along the perpendicular 
direction of the surface normal, and their number was kept limited 
(for example, five augmented points in each direction; see fig. S7) for 
faster computation but large enough to provide sufficient informa-
tion about the manifold such that the unfolded result was less dis-
torted. In this way, the local region around the touch points could be 
identified and used for the unfolding. More details are provided in 
fig. S7. Practically, the surface areas with low curvature were expected 
to be predominantly used as application regions because they might 
be preferred by humans. These segments are close to a surface with 
zero Gaussian curvature such that there exists a mapping in low-
dimensional space that is also close to being isometric, causing little 
distortion on the 2D representation while using manifold learning 
approaches.

Typically, the resultant touch points are (x, y, t) with position 
(x, y) and time stamp t. Extra information was associated with the 
touch trajectory, that is, the touch force amplitude ‖f‖ (norm of the 
contact force), which can be regarded as the pen pressure. The force 
was originally linked to the curved trajectory, but we kept the rela-
tion to the folded result for further usage. For example, this addi-
tional piece of information could be used to modulate the linewidth 
(ink width) of the handwriting to generate more natural shapes or to 
infer various commands on the basis of the specific intensity of the 
push. The generated 2D flat trajectories were independent of the 
area of application and the curvature of the writing surface. These 
resemble typical touch trajectories generated from digital touch de-
vices. Beneficially, one can make use of rich, open-access handwrit-
ing datasets. Given that the original touch trajectory is randomly 
oriented in 3D space on the basis of the robot configuration and the 
writing perspective, the resultant 2D representation was expected to 
be randomly oriented in the plane likewise.

Trajectory classification and character recognition
At this point, no assumptions on the orientation of the handwritten 
trajectories were necessary. Actually, the touch trajectory is, by na-
ture, randomly oriented depending on the robot configuration and 
the user’s perspective. Consequently, the unfolding yielded a 2D tra-
jectory that was also randomly oriented likewise. It is desirable that 
the classification is independent of the orientation of the input data. 
Therefore, a rotation-invariant classifier was deployed to deal with 
arbitrarily rotated trajectories. Convolutional neural networks are 
known to robustly deal with shape variation given that they identify 
and learn position-independent features from input data. We used 
the RICNN with SE(2) group convolution layers in the network 

min
�

N
∑

i=1

(

l̂
(

xs, ys, z s,�
)

− l
(

x, y, z
)

)2

(12)
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Fig. 8. Virtual button template, teaching, and multistroke segmentation. (A) The physical placement of buttons can be freely designed, and their shapes and locations 
can be taught by touching the robot surface (B). Each virtual button can be assigned to a specific function or task. In (C), the sequence of writing a multistroke character 
is shown: Images 1 and 2 are for the first stroke, whereas images 3 to 5 are for the second. The resultant of the unfolding through manifold learning is highlighted over a 
strongly convex part of the robot surface, and the second part depicts the separation of different strokes on the basis of the contact force magnitude.
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(45), which encode the geometric structure of the special Euclidean 
group. This strategy enabled the use of standard datasets of hand-
written characters to train the classifier. One of the most commonly 
used datasets for digits is MNIST, because its recent extension EM-
NIST (46) additionally includes 145,600 letters and 280,000 digits 
from more than 500 writers. The dataset is formatted as 28 pixel–
by–28 pixel grayscale images, thus requiring the transformation of 
the unfolded trajectory points per stroke with variable linewidth 
into grayscale. Because the 3D trajectories are already smooth, no 
additional smoothing actions for the flat trajectories are required 
because they will not affect the downscaled pixelated version. We 
used a similar formatting procedure as in (46) to convert the 2D 
touch trajectory to the 28-by-28 vector of grayscale values, which 
was considered to be the input for the classifier. This conversion pro-
cess ran online and resulted in a character image with random ori-
entation depending on the direction of the application on the robot 
and its current configuration.

Initially, the flat coordinates of the applied trajectory were con-
verted to black and white (bilevel) binary images, and the linewidth 
was modulated by the norm of the touch force (see fig. S8). Includ-
ing the touch force was beneficial to weight the importance of spe-
cific parts of the symbol and to better match the linewidth variation 
observed on the training data (see fig.  S9). In case of applying 
characters, the strokes were split on the basis of a recognition force 
threshold defined empirically (4 to 6 N). The steps of converting 
black and white images to the downsampled version can be seen in 
fig. S10. The online downsampling was conducted as follows: The 
edges of the lines in the black and white images were softened 
through a Gaussian filter; then, any empty spaces around the char-
acter were excluded. Afterward, the symbol was centered and placed 
in a square frame while preserving the aspect ratio of the extracted 
area. Then, the data were resized to a 28 pixel–by–28 pixel image 
using bicubic interpolation, resulting in an 8-bit grayscale resolu-
tion image. The implementation of the entire conversion process 
was optimized for online execution on the robotic system because it 
is commonly an offline operation.

Afterward, the classification was applied to the extracted vector 
that consisted of roto-translation covariant structures. These net-
work elements allowed training on default-oriented (upright ori-
entation) data and performing the prediction using the rotated 
input images, given that the created feature maps are rotation in-
variant. The invariance was achieved through the use of group 
convolutions, whereby each group represents a rotation. The net-
work was constructed with a lifting layer that lifts a 2D vector-
valued image to the position orientation space ℝ2 × S1 ≡ SE(2). 
This was achieved through the rotation of the filters by a predefined 
number of steps, defined by Nθ (see table S1 for the detailed archi-
tecture of the network). The shape of the filter was, as in regular 
convolutional neural networks, defined through the kernel size 
and number of output channels Nc. Applying each of the rotated 
filters to the input corresponded to a shift that represents a group. 
The following group convolution layer allowed the application of 
the filter kernels to each of the rotation groups. This enabled the 
feature extraction from each rotated group independently until the 
last layer, which projected back to ℝ2. The extracted features from 
each rotation group in the last layer were in a different order, de-
pending on the degree of rotation of the input image. This last 
layer then selected the feature vectors with the highest score in 
each group, indicating the classification result.

We evaluated the classification method using recorded touch 
data under varying parameters to choose a suitable network struc-
ture for our application (see figs. S1 and S2). The proposed approach 
provides high flexibility to be extended to other sets of symbols or 
other languages. The user might include emojis for specific tasks, 
for example, or other elements to be used in a more generic seman-
tic context.

Virtual buttons
The flexible user interface of virtual buttons was introduced, which 
can be arbitrarily placed on the robotic structure. A user has com-
plete freedom to design, (re)configure, and assign functions to such 
buttons without the need for additional hardware or devices. After 
physically placing the buttons at desired locations, their shapes and 
locations can be taught by touching the surface of the robot. One 
simple way is to print the virtual buttons as stickers (see Fig. 8A). 
The output signal can be categorized as a discrete button or as a 
continuous one including the magnitude of the contact force. In the 
case of a digital button, a Boolean signal/variable was assigned to it 
according to the point of interaction and the constant (specified) 
force threshold. Figure  8B depicts the teaching sequence of func-
tional buttons through the selection of the feature points. In the case 
of a circular shape, the feature points were chosen within the cir-
cumference and the center. A template could be designed with the 
most common geometrical shapes, or alternatively, the area of inter-
est could be manually taught.

Statistical analysis
We used the confusion matrix to calculate the accuracy of each 
class with respect to actual classes and the total recognition accu-
racy score as a performance measure. The overall classification ac-
curacy was used for performance evaluation and the selection of 
the neural network parameters. The writing force average for the 
single applied touch trajectories was used to quantify the median 
and distribution using density curves of contact forces within the 
2300 collected samples.

Supplementary Materials
The PDF file includes:
Methods
Figs. S1 to S10
Table S1

Other Supplementary Material for this manuscript includes the following:
Movies S1 to S8
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Editor’s summary
Tactile sensors and electronic skins are common devices that provide robots with a sense of physical interaction, but
they become complex and costly when used to cover large portions of a robot. Using internal high-resolution joint-
force-torque sensors, Iskandar et al. realized an intrinsic, full-body sense of touch in a robotic arm. Deep learning
techniques and an artificial neural network allow the robot to sense the location, direction, and magnitude of a force
applied anywhere on its surface. The robot can recognize and react to characters, such as a number drawn on its
surface, and virtual buttons or sliders, providing users with an intuitive way to interact with a robot. —Melisa Yashinski
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