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Programming Robot Interaction Behavior During
Kinesthetic Teaching Exploiting sEMG-Based
Interfacing and Vibrotactile Feedback

Roberto Meattini ®, Andrea Govoni
Davide Chiaravalli?, Gianluca Palli

Abstracti—We present a programming-by-demonstration
framework that allows users to simultaneously teach both
motion and compliance behaviors to collaborative robots.
The system integrates a wearable surface electromyog-
raphy interface and real-time vibrotactile feedback into
the kinesthetic teaching process, enabling intuitive point-
by-point modulation of robot’s mechanical compliance.
Unlike prior methods that focus solely on trajectory or
symbolic control, our approach leverages unsupervised co-
contraction estimation for continuous impedance shaping,
without the need for explicit offline procedures or labeled
data. To validate the method, we redesigned and conducted
two contact-rich tasks—industrial wiring and a welding-
like operation—demonstrated by ten subjects using a 7-
degrees of freedom (DOF) collaborative manipulator. Re-
sults show that users could effectively program both trajec-
tory and compliant interaction behaviors, highlighting the
framework’s potential for intuitive and robust human-robot
collaboration.

Index Terms—Human-centered automation, learning
from demonstration, physical human-robot interaction
(HRI).

[. INTRODUCTION

OLLABORATIVE robots are increasingly used across
C industries, driving demand for intuitive interfaces that
enable users to teach both motion and interaction behaviors,
including compliance and force control [1]. Recent research
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has focused on developing controllers compatible with human—
robot interaction (HRI), including solutions for constrained task
spaces [2], impedance learning [3], and neural network-based
approaches [4]. As a result, programming-by-demonstration
paradigms have emerged, allowing nonexpert operators to in-
tuitively teach robots tasks [5]. Kinesthetic teaching [6] is a
key approach in programming by demonstration, where the
robot is physically guided through the desired motions. This
method is particularly effective in industrial scenarios because it
avoids the issue of kinematic dissimilarity between the operator
and robot, which is a challenge in observational demonstration
techniques [7]. Observational methods also require complex
setups like vision systems [8], limiting their practical use. In
contrast, kinesthetic teaching is widely applicable in real-world
industrial settings that demand quick, intuitive robot reprogram-
ming. However, kinesthetic teaching is still often limited to the
sole demonstration of geometric trajectories, overlooking the
potential of modern collaborative robots to also encode interac-
tion dynamics through features such as impedance modulation.
This restriction poses challenges in application scenarios where
physical interaction is essential, not only for safety, but also
for task execution quality. Fields, such as industrial robotics,
human-robot coworking, and rehabilitation robotics frequently
require the robot not only to follow a path, but also to adapt
its mechanical behavior during contact with humans, objects,
or environments. Programming such behaviors manually or
through traditional interfaces can be time-consuming and unin-
tuitive for nonexpert users. To address this, we propose an intu-
itive programming-by-demonstration framework that combines
kinesthetic teaching with biosignal-based control, enabling users
to simultaneously program both the robot trajectory and its com-
pliance profile. Our approach leverages unsupervised learning
techniques to estimate hand muscle cocontraction from surface
electromyography (SEMG) and provides real-time vibrotactile
feedback to help users modulate robot impedance during demon-
stration. This allows the operator to intuitively specify when and
how the robot should behave more compliantly—especially in
phases involving physical contact—resulting in more natural
and flexible interaction programming. In summary, the main
contributions of this work are as follows.
1) We propose a novel programming interface that enables
users to simultaneously teach both motion and interaction
behavior during kinesthetic guidance.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/
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2) This is achieved by exploiting muscular cocontraction,
which can be voluntarily modulated and reliably esti-
mated in real time from surface EMG using unsupervised
methods.

3) This results in an interactive and intuitive framework for
teaching compliant behaviors, enhancing the exploitation
of collaborative robots’ advanced capabilities in human-
interactive tasks.

While recent literature has explored related directions, such
as EMG-based impedance control [9], vibrotactile feedback
for assistive guidance [10], or variable-stiffness learning in
specialized applications like surgical cutting [11], these works
do not address the simultaneous and intuitive programming of
both trajectory and compliance during kinesthetic teaching. In
contrast, our framework introduces a unified solution where
muscle cocontraction—estimated in real time from sEMG—
directly modulates impedance during the demonstration phase,
and where vibrotactile feedback actively supports user aware-
ness and control. This bridges a critical gap in collaborative
robotics by enabling low-effort, real-time interaction program-
ming through a wearable biosignal-based interface.

[I. RELATED WORK AND PROPOSED APPROACH

Information exchange in HRI has been explored through
modalities, such as virtual reality for maintenance tasks [12]
and haptic handles with force sensors [13]. Machine vision
approaches have been used for tracking human motions, such
as gaze [14], hand gestures [8], or body postures [15]. These
methods often require bulky hardware or setup changes, while
wearable interfaces offer a more intuitive, unobtrusive alterna-
tive [16]. Recent studies show that SEMG is advantageous for
detecting human intentions, as it measures muscle activation
levels [17]. SEMG’s accessibility and portability make it par-
ticularly useful for HRI with collaborative robots. Prior re-
search has used SEMG for advanced HRI applications, includ-
ing estimating human limb impedance [18], gesture recogni-
tion [19], and applications in assistive robotics [20]. However,
these studies have not focused on using sSEMG for program-
ming robot interaction behavior during kinesthetic teaching.
While early vibrotactile investigations, such as [21], reveal how
tactor placement and prompt type affect response speed, they
remain confined to discrete input devices rather than continuous
robot guidance. Teleimpedance approaches [22] and subsequent
learning from demonstration extensions [23], [24], [25], [26]
have combined SEMG-based stiffness estimation with trajectory
learning. However, these methods either operate offline, require
complex calibration, or lack support for real-time, simultaneous
modulation of interaction during kinesthetic teaching. Several
more recent works have sought to address these limitations.
Wu and Billard [11] proposed a variable impedance learning
strategy based on human demonstration for tissue cutting tasks,
but their approach requires precise force feedback and remains
task-specific. Bednarczyk et al. [9] introduced an EMG-driven
variable impedance controller with passivity guarantees, where
muscle activation is used to adapt stiffness in real time. However,
this approach does not incorporate user feedback or support

IEEE/ASME TRANSACTIONS ON MECHATRONICS, VOL. 30, NO. 5, OCTOBER 2025

explicit, user-driven impedance programming during teaching.
Similarly, Sirintuna et al. [10] employed vibrotactile feedback to
guide users in obstacle-aware collaborative transport, yet their
method does not address impedance learning or programming
by demonstration (PbD), focusing instead on shared control and
task execution safety. In contrast, the present work introduces
a novel interface that allows users to program both motion and
interaction behavior (i.e., compliance) in real time by exploit-
ing voluntary hand muscle cocontraction. This cocontraction is
estimated online from sEMG using an unsupervised method,
and is reinforced through vibrotactile feedback that guides the
user throughout kinesthetic demonstration. The cocontraction
signal serves as an intuitive and continuous input for shaping
robot impedance dynamically, on a point-by-point basis, dur-
ing demonstration. This framework differs fundamentally from
prior art, in that it enables seamless, low-effort compliance
programming—without requiring any offline calibration, la-
beled data, or dedicated force sensors. Unlike Wu et al. [27], who
relied on predefined coactivation thresholds, or Zhang et al. [28],
who performed offline stiffness matrix learning, our approach
allows direct, real-time compliance shaping. Moreover, Stein-
metz et al. [29] focused on semantic-level trajectory learning but
did not address impedance programming. Our method bridges
this gap by integrating SEMG-based cocontraction estimation
and vibrotactile feedback into the kinesthetic teaching loop,
resulting in a unified and interactive solution for motion and
interaction demonstration in collaborative robotics. Importantly,
the present work significantly advances beyond our previous
publications [30], [31]. In our 2023 PbD study [30], sSEMG-
based hand stiffness estimation was estimated via a much less
simplistic approach and then used only offline to shape B-spline
trajectories’ precision, and in the 2023 augmented teaching arti-
cle [31] hand cocontraction drove only discrete commands (e.g.,
gripper open/close) via vibrotactile feedback. In contrast, the
present framework supports truly real-time, continuous, and si-
multaneous programming of both motion and impedance during
a single kinesthetic demonstration. This enables point-by-point
compliance shaping—unachievable in our earlier methods—and
fully leverages collaborative robots’ variable impedance capa-
bilities for seamless, intuitive human—robot interaction.

A. Overview of the Proposed Programming Framework

Referring to the conceptual scheme illustrated in Fig. 1,
the framework combines kinesthetic teaching with neuro-motor
programming via SEMG, using a wearable armband to estimate
hand cocontraction for real-time impedance control. Vibrotactile
feedback enables continuous adjustment. Both trajectory and
compliance are recorded for execution, supporting safe, adaptive
robot behavior.

B. Kinesthetic Teaching and Interfacing Setup

The setup used in the present work can be observed in
Fig. 2. In the following a description of the different compo-
nents/subsystems is given.

1) Manipulator Control During Kinesthetic Teaching: The ex-
periments were conducted using a 7-DoF Franka Emika Panda
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Fig. 2. Robotic and interface setup used to implement and test the
programming-by-demonstration framework of the present work.

robot with its default parallel gripper. No external force sensor
was used; interaction guidance relied on the robot’s built-in
features, including gravity and friction compensation and safety
limits on force, velocity, and joint range. (see Fig. 2). During
kinesthetic teaching, the operator guides the robot’s end-effector
using an impedance-based interface implemented via a force
control loop. Let us consider the dynamic model of the manip-
ulator, with n = 7 DoF, in the form [32]

M(x)@ + C(z, &) + g(z) = Fipu + Fi ey

where 2 € R® is the pose describing the end-effector posi-
tion and orientation, and M (z) € R™*", C(x, &) € R™*™, and
g(x) € R™ are the inertia matrix, Coriolis matrix and gravita-
tional term defined in the workspace, respectively. F}, denotes
the external wrench imposed by the operator, and the control
input Fippy is enforced as

Enput = Q(I) + Fc (2)

where the term §(x) denotes the estimate of the gravity term,
and F, is defined as a proportional-derivative (PD) controller
between the actual pose = and a desired pose x4, that is

FC:Kp(md—x) —Kd(t (3)

where K,,, K, € R®*® are positive definite diagonal matrices.
Note that setting appropriate diagonal gains in K, to zero effec-
tively defines the directions and rotations, in which kinesthetic
teaching can be performed by the operator. In general, the control
framework we implement also allows for the possibility of
guiding the operator along desired orientations or directions,
potentially assisting the teaching process through constraints
or virtual fixtures. For instance, one may want to enforce a

Conceptual scheme of the proposed programming-by-demonstration framework based on kinesthetic teaching, sEMG and vibrotactile

constant end-effector orientation during specific phases of the
task or throughout the entire teaching procedure, or to facilitate
programming in scenarios where the trajectory is already known
and only timing, grasping, processing and/or interaction behav-
ior needs to be specified. In such cases, virtual constraints could
reduce the cognitive and physical load on the user. However, in
our work, we intentionally leave all translational and rotational
directions fully unconstrained, providing the operator with max-
imum freedom during teaching. As a result, in our experiments,
both position and orientation trajectories are programmed by the
user, as reported in the experimental results section.

2) Manipulator Control for Trajectory Replication: During ex-
ecution, the control strategy tracks the taught trajectory while
adapting compliance for interaction. To this end, (2) is mod-
ified by setting F, = 0, since friction compensation is only
relevant during kinesthetic teaching. Then, to implement a vari-
able impedance dynamics behaviour and ensure the system’s
stability, a passivity-based approach using an energy tank [33]
is adopted. The energy tank stores dissipated energy, allowing
impedance changes only when sufficient energy is available,
thus ensuring passivity. (3) is redefined as

F, :f(p(xdf:c) —wry(rg — x) — Ka 4)

where K, = diag(k;,,, ) with k; , being the minimum compli-
ance along Cartesian directions. The control input w modulates

compliance by exchanging energy with the tank

w = x ?

Ko it T(2y) > € )
0, otherwise

where x; is the tank state and

1

T(z) = Eac% (6)

In (5), I~(p is defined as

p = diag(ks,,, — ki, ) E(),

the maximum compliance and £(¢) € [0, 1] a control

input that shapes impedance between k; , and k; . The evo-
lution of £(t) is set during kinesthetic teaching using an SEMG
and vibrotactile interface (see next subsection and Section II-C).
The tank is initialized as x¢(0) = Zinia and always maintained
above z;_, to avoid singularities. From (1), the tank dynamics

i=1,...,6 7)

with k;

Tmax
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is defined as

Tt

iy =2 (2T Kqd) +w'd
{y _ _ (,I"Tl‘t)—r (8)

with 4 = 0 (without loss of generality), and where the activa-

tion variable o is
L, i T(zy) < T
7= 0, otherwise

which limits the energy in the tank to prevent nonpassive con-
ditions. The total stored energy is

Wz, &,x) = V(x,&) + T(xt)

©))

(10)

with T'(z;) from (6), and V (z, &) a Lyapunov function for the
mechanical impedance

an

From (10) and (11), the derivative of the storage function is

V(z, &) = %xTM(x)m + %(xd — ) Ky(zq — ).

W=zi"F,—(1-0)i Ky (12)
which satisfies the passivity condition
t
W(t) —W(0) < / &' (1) (7) dr. (13)
0

Thus, ensuring that the system defined by (1) and (8) is passive
with respect to the input pair (F}, y), and therefore stable [33].
Finally, during the reproduction of the programmed trajectory
and associated point-wise compliance, physical interaction by
the human operator, as in the collaborative tasks considered in
this study and discussed in the following sections, may lead
to trajectory—compliance desynchronization. This issue arises
because the compliance profile is time-aligned with the reference
trajectory, and any significant deviation due to interaction can re-
sultin a mismatch between the expected impedance behavior and
the actual robot configuration. To address this, a synchronization
monitoring mechanism is implemented: if, at any time ¢, the
Euclidean distance between the current robot position x(¢) and
the corresponding reference trajectory point x4(t) exceeds a
threshold d;,,x = 0.4 m, the point-wise update of the reference
trajectory is paused. The update resumes only once the robot
returns within the allowed threshold. Formally, this condition is
defined as

if H.I?(t) - l‘d(t)” > 6max

_ xd(te)a
z(te + At) = { otherwise.

desired evolution,
(14)

This mechanism ensures temporal coherence between trajectory
progression and compliance adaptation, thus preserving inter-
action safety and control consistency even under cooperative
execution scenarios.

3) Wearable sEMG Sensing and Vibrotactile Stimulation:
The wearable interface consisted of two armbands. An 8-channel
gForcePro sSEMG armband (OYMotion) on the forearm acquired
signals from the FDS (flexor digitorum superficialis) and EDC
(extensor digitorum communis) muscles to estimate hand co-
contraction (see Fig. 2). It required only clean, dry skin and

IEEE/ASME TRANSACTIONS ON MECHATRONICS, VOL. 30, NO. 5, OCTOBER 2025

no precise placement. Raw data streamed at 1 kHz was filtered
with a 50 Hz notch filter, a 20 Hz high-pass filter, and root mean
square (rms) over a 200 ms window. Vibrotactile feedback was
delivered via a custom bracelet worn on the participant’s upper
arm, incorporating a grove vibration motor module from Seeed
Technology Company, Ltd. This module includes a coin-type
eccentric rotating mass motor, capable to generate clearly per-
ceptible vibratory stimulus. The motor was controlled by a mi-
crocontroller that received high-level commands and modulated
the vibration intensity through pulsewidth modulation), varying
the duty cycle to adjust the average voltage applied to the motor
within its operational range (0-5 V). Since the vibrator was
on the upper arm, far from the electrodes, any sSEMG artifact is
avoided. Although the actuator was worn over a layer of clothing,
the vibratory signals were reported by all participants to be
clearly perceivable. This was consistent with the actuator’s spec-
ifications, which indicate a vibration frequency of approximately
150 Hz at full drive, providing sufficient vibration for reliable
perception through fabric. In our implementation, cocontraction
levels were mapped linearly to the vibration intensity range (as
detailed later), from low perceptible levels to more intense vibra-
tions, allowing participants to intuitively interpret the feedback
and modulate their muscular activation accordingly during the
teaching phase (see Fig. 2).

C. Estimation of Cocontraction and Vibrotactile
Feedback

This section describes an algorithm to estimate hand cocon-
traction from forearm sEMG, leveraging neuromuscular princi-
ples. Muscle synergies coordinate motor tasks via shared neural
drives [34], [35], and MUs coactivate during antagonist contrac-
tions [36]. These concepts guide cocontraction estimation and
vibrotactile feedback modulation. The proposed estimation of
cocontraction relies on an unsupervised decomposition of SEMG
signals via nonnegative matrix factorization. Unlike supervised
methods, which require ground truth labels that are impractical
or undefined for cocontraction, this approach enables intuitive
and robust estimation without compromising system usability
or requiring intrusive calibration.

1) Neurophysiology-Based Hand Cocontraction Interface:
Given a pair of neural drives, their effect on joint motion can
be modeled using a kinematic synergy matrix P

aE(t)]

ap(t)

s)

where P € R'*? in the simplified setup of Fig. 3(a). To produce
0(t), muscle activations ag(t), and ap(t) are needed and mod-
eled as a linear combination via the muscular synergy matrix
M e RZXI

(16)

apt

l“EEﬂ — M),

Assuming negligible crosstalk, the SEMG signal for each
muscle is modeled as a sum of MU activity convolved with
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Fig. 3. Scheme of the musculoskeletal systems considered for the
estimation of the hand co-contraction level. (a) Simplified single-DoF
system; (b) human hand musculoskeletal system. The notation is in
accordance with Section II-C.

volume conduction filters [37]

Zgw

wherei = {E, F'}, N, is the number of MUs in m;, f;;(a;(t)) is
the MU firing response, and g;; () the associated filter. The rms
value eXM5(t) over a window T is proportional to a;(t) [38], so

M@y las®)| ap(t)
[ %MS(t)] =H LlF(t)] = diag(hp, hr) [aF(t)] (18)

where H is the activation-to-EMG mixture matrix. Substituting
(15) and (16) into (18) yields

* fij(ai(t)) a7

M) ag(t)| ag(t)
L%:M%) - aF<t>]‘WlaF<t>] >

with W = HM P as the drive-to-EMG mixture matrix. Thus,
ag(t) and ap(t) can be estimated from e5V5(¢) and eXMS(t)
using unsupervised linear decomposition, enabling computation
of ¢(t). We now extend (15)—(19) to the real-case scenario in
Fig. 3(b) for hand cocontraction estimation.

We now extend the estimation model to the human hand
system of Fig. 3(b). To estimate hand muscular cocontraction
from forearm SEMG during voluntary stiffening, we define
dominant neural drives for finger extension and flexion as & (¢)
and &z (t), and define hand cocontraction as

&(t) = min(@5(1), 7 (1))-

Given the hand’s n DoF, actuated by £ extensor and [ flexor
muscles, finger motion can be modeled as

(20)

[01(2) -~ 21

with P € R™*2 the kinematic synergy matrix. The mus-
cle activations a;(t),...,ar4;(t) from the hand muscles
mi(t),...,muy(t) are then

api(t)]" = (22)

[al(t) e
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with M € R*+D*n the muscular synergy matrix.

Differently from the simplified case of (17), forearm SEMG
signals are affected by crosstalk, so the raw signal at electrode
s=1,...,8 becomes:

k+1 N;

=22 i

=1 j=I

fu a;(t))- (23)

The corresponding rms sEMG signal, accounting for cross-
terms [39], is

Kt K+l b+l
eRMS( Z M)+ D ewi®ean(t)  (24)
T
where e®MS(¢) is due to muscle i, and eg;(t)egp (t) is the cross-

product root mean value. As in [38], assuming low correlation
among eg;(t) and egp, (), we neglect cross-terms and write the
rms SEMG vector E(t) = [efMS(2) - -+ eBMS(1)]T as

= Hla(t) - ap(t)]”

with H € R8*<(*+1) the activation-to-EMG mixture matrix. Fi-
nally, substituting (21) and (22) into (25) yields

E(t) (25)

ap(t)| _ = |ag(t)
E(t)=HMP s (t)] =W\ = (t)]7 (26)

with W = HMP € R¥*2 the drive-to-EMG mixture matrix.
As in the simplified case, ag(t) and ar(t) can be extracted
using an unsupervised linear decomposition algorithm, such as
nonnegative matrix factorization (NMF), as described next.

2) Computation of the Drive-to-EMG Mixture Matrix W: The
drive-to-EMG matrix W in (26) is computed offline by col-
lecting rms sEMG data Foggine € R3*< from an eight-channel
armband (see Section II-B3) during four hand open-close cycles:
two with minimal, two with maximal hand stiffening. This
captures various stiffness levels. Thus

Eofﬂine = WAofﬂine (27)

with Aogine = [@5” ap’]? € R2¥4. Applying NMF [40] to
(27) yields both W and A,ggine, from which scaling factors are
defined

T

vE = max(ag;), Yr = max(ap;). (28)

3) Online Cocontraction Level Estimation and Feedback:

Using W and (28), the online neural drives A(t) = [ag(¢)
ar(t)]T are estimated as
A(t)=TWTE(®) (29)

with W+ the pseudoinverse of W,andT = diag(1/vg, 1/vr).
The online cocontraction level ¢(t) is obtained from (20), and
the vibrotactile feedback command is

n(t) = = Pmin) (1 = €(t)) + Pmin

where pmax and pmin are the vibrotactile intensity bounds. Thus,
the operator increases hand stiffness to reduce vibration, guiding
cocontraction toward desired levels during kinesthetic teaching.

(pmax (30)
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The cocontraction profile ¢(¢) is recorded offline and reused
as impedance modulation input £(¢) during task execution (see
Section II-B1), i.e., £(t) = ¢(t). As introduced in (7), this scalar
value £(t) € [0, 1] modulates the robot’s Cartesian stiffness via
a linear interpolation between minimum and maximum direc-
tional stiffness values (k;,,, and k;__ ). This modulation defines
the mechanical impedance profile along each Cartesian axis,
shaping the robot’s compliant behavior during execution. There
is therefore a mapping between the user’s muscular cocontrac-
tion (as estimated from the EMG signal) and the commanded
impedance levels. These impedance levels, in turn, influence
the interaction force outcomes indirectly through the robot-
environment dynamics during physical contact.

4) State Machine for Reliable Compliance Programming:
Although hand cocontraction is largely decoupled from upper
limb motion—unlike full-arm impedance modulation—it may
still be affected by unintentional muscle activations. To ensure
that only deliberate input modulates the robot’s behavior, a
simple state machine governs the interaction logic. By default,
the robot remains in a nonprogramming state with fixed min-
imum compliance, allowing free cocontraction without effect.
The user enters the programming mode by performing a specific
activation pattern: two short spikes and a sustained cocontraction
(above 0.6) for at least three seconds. During this transition,
vibrotactile pulses indicate successful threshold crossings, while
in programming mode, continuous vibration—proportional to
cocontraction—enables real-time compliance shaping. Exiting
the mode requires repeating the same pattern. The final com-
pliance value is set not at exit, but corresponds to the level
maintained three seconds prior, allowing intentional selection.
This mechanism promotes robust, user-controlled transitions,
mitigating unintended effects and enabling reliable point-by-
point compliance programming.

Tmax

Ill. EXPERIMENT
A. Description of the Experimental Protocol

1) Group of Subjects: A total of ten healthy adult volunteers
(one female, nine males; mean age: 27.2 + 1.8 years; range:
25-30.5) participated in the experimental evaluation. None had
prior experience with the robotic setup or similar kinesthetic
teaching interfaces. Eight participants were right-handed and
two left-handed. All subjects provided written informed consent
prior to participation, in compliance with the declaration of
Helsinki. The study preserved anonymity, referring to partici-
pants as S1 through S10.

2) Experimental Tasks: Two experimental tasks were de-
signed to evaluate the effectiveness of the proposed
programming-by-demonstration framework: a robotic wiring
task and a welding-like task. Both required kinesthetic demon-
strations of full trajectories involving position, orientation, and
environmental contact forces. In the robotic wiring task, par-
ticipants performed a cable-handling sequence on a custom
switchgear mock-up (see Fig. 4). The sequence included ex-
tracting a connector from its housing, passing the cable through
a routing gate, guiding it along a constrained channel (channel
1), and inserting it into a second connector slot. Both insertion
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Fig. 4. Setup for the robotic (a) wiring and (b) welding-like task experi-
ments (see Section Ill), with schematic exemplifications for the required
robot programming.

and extraction points featured spring-loaded ratchet mechanisms
with passive compliance, facilitating connector handling and
tolerance to alignment errors—particularly beneficial when the
robot was programmed with higher compliance. The routing
geometry required careful modulation of both position and
orientation. The welding-like task simulated a simplified weld-
ing operation on a rigid trapezoidal-profile workpiece (also in
Fig. 4). The operator demonstrated a trajectory over its entry
incline, central flat surface, and exit slope, maintaining con-
tinuous contact while minimizing interaction forces. Excessive
contact force could induce undesirable effects, such as jerky
motion or blockage due to friction. During autonomous ex-
ecution, impedance control gains were modulated according
to the programmed compliance levels. Specifically, for max-
imum stiffness (i.e., minimum compliance), the gains were
set to K, = 800 and K = 45, while for minimum stiffness
(i.e., maximum compliance), they were reduced to K, = 200
and K4 = 15. Intermediate levels were linearly interpolated.
These values were selected through preliminary empirical tuning
sessions, in which interaction forces and motion smoothness
have been observed based on the practical experience of the
experimenters, ensuring stable and responsive behavior across
the full range of compliance level. The control architecture was
implemented on a PC equipped with an Intel Core i7 11th gener-
ation processor. Communication with the Franka Emika Panda
robot was established using the 1 ibf ranka C++ library, which
provides a low-level interface for real-time control at a frequency
of 1 kHz and access to the robot’s state and dynamics. Post-
processing and data analysis were performed using Python and
MATLAB.
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3) Cocontraction Modulation Protocol: Subjects were in-
structed to modulate hand muscle cocontraction to dynamically
program robot compliance throughout the tasks. Kinesthetic
teaching was performed by grasping the robot end-effector with
both hands at all times. Prior to the experimental session, a
15-min familiarization phase was conducted. Participants wore a
vibrotactile armband alternately on both forearms and practiced
associating three vibration intensities with distinct cocontraction
levels: high (high compliance), medium (intermediate compli-
ance), and low (high stiffness), to ensure intuitive control during
demonstration. During the wiring task (see Fig. 4), participants
adjusted compliance according to subtask demands. High com-
pliance was used for connector insertion and extraction, to ac-
commodate positioning errors and minimize contact forces with
spring-loaded elements. Medium compliance was required when
routing inside channel 1, enabling safe human-robot physical
interaction during execution in channel 2, while maintaining
guidance along the channel geometry. All other segments were
demonstrated with high stiffness. In the welding-like task, high
stiffness was used throughout, except for the contact segment
against the trapezoidal surface, where medium compliance was
required to ensure stable force application and avoid stick-
slip or excessive normal forces. Gripper actuation was con-
trolled hands-free via speech using the SpeechRecogni -
tion Python library, with the Google Web Speech API selected
for accuracy. An environmental microphone (Jabra Speak 510)
placed near the workspace continuously listened for the key-
words “open” and “close,” mapped to control the gripper.

4) Interaction Behaviors Evaluation: Following the kines-
thetic teaching phase, we evaluated the robot’s interaction behav-
ior during trajectory reproduction under two conditions: 1) with
compliance adaptation and 2) without compliance adaptation
(i.e., fixed high stiffness). Both conditions were tested across
the two experimental tasks: the robotic wiring task and the
welding-like task. In the wiring task (see Fig. 4), interaction
evaluation focused on two aspects. First, we considered the
nonpredetermined physical interaction that occurred during the
routing phase: in a dedicated coworking scenario, participants
deliberately modified the playback trajectory by physically guid-
ing the robot to reroute the cable from channel 1 to channel
2. Second, we analyzed the contact forces generated during
interaction with specific elements of the workbench, particularly
the connector extraction and insertion locations. These phases
involved mechanical coupling with the ratchet-based fixtures,
where compliance was expected to reduce peak forces. In the
welding-like task, evaluation focused on the interaction between
the robot and the work piece during the mock-up welding phase.
Specifically, we examined the forces exchanged while the robot
applied pressure on the inclined and horizontal surfaces of the
trapezoidal workpiece, comparing behavior across the compli-
ant and noncompliant conditions. Quantitative analysis of the
interaction forces and behavior recorded during these scenarios
is provided in Section III-B2.

B. Results

This section presents the experimental results obtained
from both the wiring and welding-like tasks. We analyze the
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effectiveness of the proposed framework in terms of trajectory
programming, compliance modulation, and interaction behavior
during task execution. To quantify differences in modulated co-
contraction levels and robot interaction forces across experimen-
tal conditions, statistical analysis was conducted, using one-way
ANOVA where assumptions of normality and sphericity were
verified and satisfied. The underlying paradigm evaluated in
this study is that of one-shot PbD, wherein each user provides
a single, direct demonstration of the task, with the objective of
eliciting an immediate and accurate autonomous replication by
the robot. This “one-shot” approach is inherently challenging
and of particular interest, as it mirrors realistic deployment
scenarios where repeated training or iterative refinement may
be undesired. Consequently, in our experimental design, each
subject was instructed to provide only one demonstration per
task condition, followed by a single corresponding autonomous
repetition executed by the robot. The study does not rely on mul-
tiple demonstrations per user or multiple autonomous executions
per demonstration, as our aim is to assess system performance
in the “one-shot” setting. Due to this design, the statistical eval-
uation does not derive from intrasubject variance over multiple
trials, but rather from intersubject variability in one-shot demon-
strations and replications. Specifically, for each experimental
condition (e.g., with and without compliance modulation), a set
of N = 10 independent samples was obtained and used in the
ANOVA, corresponding to the ten distinct subjects participating
in the study. This methodological choice ensures that the statisti-
cal findings reported herein are directly representative of system
behavior under the constraints and variability naturally arising
from one-shot human-robot programming scenarios. Further
details on task conditions and individual outcome metrics are
discussed in the following subsections.

1) Trajectory and Compliance Programming: Fig. 5 displays
the end-effector trajectories programmed by participants for the
wiring task (projected on the z—y plane) and the welding-like
task (on the z—y plane). The colored line shows subject S1°s tra-
jectory, with cyan-shaded regions indicating the total workspace
coverage across all subjects. For S1, corresponding position and
velocity profiles are also shown, aligned with task landmarks
from Fig. 4. Fig. 6 illustrates S1’s cocontraction behavior during
wiring. Entry into compliance programming mode is marked by
a characteristic pattern—two rapid threshold crossings followed
by sustained contraction—activating a modulation window (yel-
low), and exited using the same pattern (red). Compliance is
then fixed based on the level at the beginning of the preceding
cyan segment. The middle panel shows vibrotactile feedback:
discrete cues indicate threshold crossings outside programming,
while continuous vibration reflects real-time co-contraction dur-
ing modulation, supporting user awareness. The bottom panel
confirms corresponding compliance shaping on the robot: stiff-
ness starts high, is modulated during interaction, and reset to
high afterward as per protocol. Across subjects, the intended
compliance levels were consistently achieved: high during inser-
tion/extraction, medium during routing or welding contact, and
low elsewhere. Aggregated cocontraction levels during these
phases were: high—0.88 £ 0.07, medium—0.58 4 0.06, and
low—0.21 &+ 0.05. A one-way repeated-measures ANOVA con-
firmed significant differences between the three co-contraction
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levels, F'(2,18) = 152.4, p < 0.001, supporting the effective-
ness and repeatability of the cocontraction-based compliance
programming strategy. Assumption checks confirmed normality
(Shapiro—Wilk test, p > 0.05 for all conditions) and sphericity
(Mauchly’s test, p = 0.42) for the use of repeated-measures
ANOVA.

2) Online Task and Interaction Behavior: In the following,
we report the outcome of the online executions of both the
robotic wiring and welding-like tasks, performed based on the
offline kinesthetic programming sessions previously carried out
by each participant, as described in Section III-A. Each task was
executed autonomously by the robot, reproducing the subject-
specific programmed trajectories and compliance profiles. Dur-
ing these executions, human-robot physical coworking was
intermittently introduced by the experimenter, who randomly
requested the operator to intervene and alter the cable routing
path. In these cases, the user leveraged the preprogrammed
interaction behavior of the robot—specifically its compliance
modulation capabilities—to perform an online reconfiguration
of the path, in accordance with the experimental protocol de-
fined in Section III-A3. Similarly, in the welding-like task, the
robot executed the trajectory involving surface contact over
the trapezoidal-profile work piece. The objective was to apply
pressure along the surface. In the case without impedance adap-
tation, excessive contact forces occasionally resulted in jerky
motions or execution halt due to friction-induced blocking. To
assess the effect of compliance programming, both tasks were
repeated under two conditions: with and without the implemen-
tation of the variable impedance dynamics. This comparison al-
lowed us to evaluate the role of cocontraction-based compliance
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Fig. 7. Frame sequence of the online execution of the robotic wiring
and welding-like tasks. Wiring task (left), welding-like task (right), and
contact interaction with the work piece is observable.

modulation in enabling safer and adaptable physical interaction
during task execution.

3) Online Task With Variable Impedance: This experimental
session aimed to evaluate the role of variable impedance dy-
namics during automatic task execution in the presence of both
predetermined and nonpredetermined physical interactions. The
results align with the protocol detailed in Section III-A4 and pro-
vide insight into the robot’s behavior in contact-rich situations
for both the wiring and welding-like tasks.

Interaction during contact with environment: For both
tasks, we analyzed the forces exchanged between the robot
and the environment during contact phases. In the wiring
task, this included the extraction and insertion of the ca-
ble connector, which involved mechanical coupling with the
ratchet-based fixtures (see Fig. 4). In the welding-like task,
interaction was evaluated during pressure application on the
workpiece surface. As shown in Fig. 8, the use of compli-
ance programming significantly reduced peak forces and en-
sured stable and smoother contact behavior. Notably, in the
welding-like task without impedance adaptation, the robot oc-
casionally halted execution due to excessive friction-induced
forces.

On-the-Fly modification of cable routing: During a dedicated
online execution of the wiring task, the experimenter instructed
subjects to modify the cable routing by guiding the robot from
the originally programmed path to the alternative channel 2, as
illustrated in Fig. 4. All subjects successfully completed this
on-the-fly reconfiguration on their first attempt by leveraging
the preprogrammed compliant behavior. The effectiveness of
this human-robot coworking phase is illustrated in Figs. 5, 7,
and 8, showing smooth physical interaction between operator
and robot.

4) Online Task Without Variable Impedance: In this experi-
mental session, the robot executed the programmed trajectories
without compliance modulation (i.e., constant, high stiffness).

Interaction during contact with environment: For the wiring
task, interaction was evaluated during the phases of connector
extraction and insertion, which require the robot to engage with
spring-loaded ratchet mechanisms. In the welding-like task,
interaction occurred while the robot applied pressure along the
surface of the rigid trapezoidal-profile work piece. Fig. 8(a) and
(b) shows representative force profiles for subject S1. In both
cases, the absence of impedance adaptation led to substantially
increased contact forces. In the welding task in particular, this
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absolute maximum peak force components for the wiring and welding
tasks across all subjects/repetitions (* means p < 0.001).

resulted in escalating force values due to excessive friction,
halting the execution.

Quantitative comparison of force levels: A quantitative
comparison of the interaction forces across all subjects and
repetitions is shown in Fig. 8(c)—(d), which reports boxplots
of the absolute values of peak force components grouped by
condition (with versus without compliance programming). For
the wiring task [see Fig. 8(c)], the peak force levels were



4020

IEEE/ASME TRANSACTIONS ON MECHATRONICS, VOL. 30, NO. 5, OCTOBER 2025

TABLE |
COMPACT COMPARISON ACROSS TASK TYPES AND EXPERIMENTAL CONDITIONS

Task Specificity Compliance Programming | Interaction Force (N, avg + std) | Success Rate (%)
Connector insertion With 12+£03 100
Without 55+15 30
Connector extraction With 1.8 £ 0.4 100
Without 11+ 1.8 0
Cable rerouting With 20+04 100
Without 95+2 0
Welding contact with work piece With 12+03 100
Without 75+15 60
Entering the compliance programming mode With vibrotactile feedback on right arm 100
Exiting the compliance programming mode With vibrotactile feedback on the left arm 100
Either entering or exiting compliance programming mode Without vibrotactile feedback 25
Execution time difference with compliance programming versus without compliance programming: < 0.1 s (not significant)

TABLE Il
SUBJECTIVE EVALUATION OF THE PROGRAMMING FRAMEWORK ACROSS THREE INTERFACE MODALITIES

Outcome Type Questionnaire Item (by condition) Average Score (& std dev.)
(EMG + Vibrotactile) It was easy to interpret the vibrotactile feedback to the aim of hand co-contraction dulation during kinesth 6.5 £ 0.53
Perceived ease of use (PE) (EMG Only) It was easy to understand the EMG-based control while programming the robot. 4.0 £+ 1.22
(Tablet Bar Only) It was easy to modulate the bar on the tablet to program the robot. 38 + 1.72
(EMG + Vibrotactile) I think the provided interfacing with the robot is useful to program the impedance dynamics during kinesthetic teaching. 6.6 = 0.50
Perceived usefulness (PU) (EMG Only) I think the EMG interface is useful to program the robot during kinesthetic teaching. 3.0 + 0.89
(Tablet Bar Only) I think the tablet-based bar is useful to program the robot during kinesthetic teaching. 2.6 + 1.14
(EMG + Vibrotactile) It was comfortable in terms of perceived complexity and mental effort to program the robot with the proposed framework. 6.2 + 0.63
Cognitive comfort (CC) (EMG Only) I felt cognitively comfortable using the EMG interface. 3.7+ 121
(Tablet Bar Only) 1 felt cognitively comfortable using the tablet bar to program the robot. 27 +1.97
(EMG + Vibrotactile) I did not experience significant physical fatigue or discomfort while modulating co-contraction during the task. 6.1 = 0.60
Perceived physical effort (PPE) | (EMG Only) I did not feel physical strain using the EMG interface during the task. 4.0 £ 0.89
(Tablet Bar Only) I did not feel physical strain using the tablet bar to control the robot. 3.6 + 2.50
(EMG + Vibrotactile) I was able to promptly modulate my co-contraction as desired during the programming phase. 6.5 + 0.51
Responsiveness (R) (EMG Only) I was able to promptly vary the EMG-based modulation. 24 4+ 0.89
(Tablet Bar Only) I was able to promptly vary the tablet bar value. 2.8 & 1.30
(EMG + Vibrotactile) I felt confident that my modulation of co-contraction was accurately according to my intention. 6.3 £ 0.56
Confidence in control (CC2) (EMG Only) 1 felt confident in programming the robot using EMG signals. 224+ 1.17
(Tablet Bar Only) I felt confident using the tablet bar to program the robot. 3.8 £2.17
(EMG + Vibrotactile) The overall interface felt well integrated into the robot programming experience. 6.6 + 0.48
Perceived integration (PT) (EMG Only) The EMG interface felt well integrated into the robot programming process. 324+ 1.17
(Tablet Bar Only) The tablet bar interface felt well integrated into the robot programming process. 2.8 £ 1.79

Scores: likert scale from 1 (entirely disagree) to 7 (entirely agree).

statistically significantly lower in the presence of compliance
programming. Specifically, a one-way ANOVA was conducted,
according to which statistically significant differences were
found: F'(1,18) = 318.77, p < .001 (connector extraction),
F(1,18) = 213.52, p < .001 (cable routing), and F(1,18) =
167.64, p < .001 (connector insertion), indicating that compli-
ance programming effectively reduces interaction forces during
contact. For the welding-like task [see Fig. 8(d)], similar trends
were observed. A one-way ANOVA revealed a statistically
significant difference in peak force values between the two
conditions, with F'(1,18) = 276.41, p < .001, confirming the
benefits of programmed compliance even in a surface contact
scenarios. In all cases, the assumptions of normality (Shapiro—
Wilk test, p > 0.05) and sphericity (Mauchly’s test, p > 0.05)
were satisfied. These results confirm that the absence of compli-
ance modulation leads to higher interaction forces and less safe
physical interaction.

5) Subjective Usability and Experimental Conditions: To
better evaluate usability and user experience across all exper-
imental conditions, participants were asked to repeat selected
programming tasks under varying interface configurations, in-
cluding with and without vibrotactile feedback. These additional
tasks were designed to reflect the main task specificities reported
in Table I, particularly those involving cocontraction control
and physical interaction. In the same table, we also report the
success rates observed for each task under both compliance pro-
gramming conditions. For connector insertion, extraction, and

cable rerouting, a task execution was marked as a failure if the
peak interaction force exceeded five times the value measured
when compliance programming was active. In the welding task,
failure was defined instead by mechanical blocking of the robot’s
movement due to excessive resistance at contact. This criterion
reflects typical failure modes encountered in unadapted interac-
tion behavior. As shown in the table, compliance programming
leads to a significant improvement in task success. For instance,
in the extraction task, where the robot must “pull” a connector
out of its housing, the absence of compliance results in failure
in 100% of the trials, due to excessive peak forces. Insertion is
more variable, as different users programmed slightly different
trajectories; in some cases, these trajectories allowed successful
insertions in a few cases even without active compliance. Simi-
larly, cable rerouting without compliance consistently exceeded
the acceptable force thresholds. In the welding contact task, the
success rate still drops evidently without compliance. At the end
of the study, participants completed a questionnaire assessing
seven key dimensions related to subjective usability and cogni-
tive effort. Each item was rated on a seven-point Likert scale
(1: strongly disagree; 7: strongly agree). To enable comparison
and provide a baseline reference, participants performed the
same tasks under three distinct interface configurations: the full
framework (EMG + vibrotactile feedback), EMG-based control
without vibrotactile feedback, and a baseline condition using a
graphical bar on a tablet without any physiological interface. The
statements covered aspects of perceived ease of use, usefulness,
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cognitive and physical effort, system responsiveness, confidence
in control, and integration of the interface components. Results
are presented in Table II, which reports average scores and
standard deviations for each dimension and condition. A clear
trend emerges in favor of the full EMG + vibrotactile interface,
which consistently receives the highest ratings across all metrics.
In contrast, both the EMG-only and tablet-based baseline inter-
faces yield substantially lower scores, particularly in dimensions
related to responsiveness, confidence in control, and perceived
integration. This comparison highlights the added value of the
vibrotactile feedback in supporting users’ interpretation and
modulation of cocontraction levels, resulting in a more intuitive
and coherent programming experience. Notably, the vibrotactile
cue proved also crucial in helping users correctly recognize and
execute transitions in and out of the impedance programming
mode—an aspect further supported by the success rates reported
in Table I.

IV. CONCLUSION

In this work, we introduced a novel programming-by-
demonstration framework for collaborative robots that enables
simultaneous kinesthetic trajectory teaching and intuitive pro-
gramming of interaction behavior through a wearable SEMG
interface and vibrotactile feedback. Using unsupervised co-
contraction estimation, users modulated robot impedance by
adjusting hand stiffness. The system was validated with 10 users
on two representative tasks—cable wiring and welding-like sur-
face contact—showing that compliance programming markedly
improved success rates. Wiring tasks were completed without
failure even under physical interaction, while cable routing in
coworking conditions succeeded only with active compliance.
These results demonstrate the framework’s effectiveness for
robust and flexible robot teaching. Future work will extend its
applicability to more complex tasks and richer interfaces.
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