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Physics-Informed Multimodal Framework for Estimating Human Arm
Endpoint Impedance During Physical Human-Robot Interaction

Aditya Srivastava

Abstract—Humans can adapt their hand compliance dynam-
ically according to task demands by modulating arm endpoint
impedance through changes in arm configuration and muscle co-
contraction. This work introduces a multimodal physics-informed
machine learning framework for estimating human arm endpoint
impedance during multi-degree-of-freedom interaction with a
collaborative robot. In this pilot study, data were collected during
static and dynamic interaction tasks with the robot. During each
trial, muscle activity was recorded via surface electromyography
(sEMG), joint kinematics were measured via motion capture (Mo-
Cap), interaction forces were recorded with a force sensor, and
end-effector positions were obtained directly from the robot. The
neural network models were trained to predict the impedance
parameters identified from a perturbation-based experiment
using these multimodal inputs. Two models were developed and
compared: a Temporal Convolutional Network with Multi-Layer
Perceptron head (TCN-MLP) as a baseline and a Temporal
Convolutional Network Physics-Informed Neural Network (TCN-
PINN) that integrates physical consistency through a physics-
based loss term.

Results show that introducing the physics constraint improved
the prediction accuracy of the inertia (M), damping (D), and
stiffness (K) parameters compared to the purely data-driven
model. The inclusion of dynamic movement trials preserved
model stability and generalization. While the estimated param-
eters are not yet accurate enough for direct implementation,
the limitations are analyzed and used to identify directions for
achieving more consistent and robust results. Nonetheless, the
findings indicate that the proposed physics-informed multimodal
learning framework has strong potential for estimating human
arm endpoint impedance during multi-joint, dynamic physical
human-robot interaction.

Index Terms—Physical human-robot interaction, arm endpoint
impedance, physics-informed neural network

I Introduction

Estimating human arm endpoint impedance has been a key
research goal in biomechanics and human-robot interaction
for the past three decades [1]-[5]. The endpoint impedance
describes the dynamic relationship between small perturba-
tions in hand position and the resulting interaction forces,
commonly parameterized to inertia (M, kg), damping (D,
N-s/m), and stiffness (K, N/m). Humans possess the abil-
ity to modulate these parameters, collectively referred to as
compliance, according to the demands of a task [6]-[8]. The
central nervous system (CNS) regulates the limb dynamics
by changing the arm configuration and modulating muscle
activation/co-contraction to maintain stability and precision
under varying environmental conditions [4], [9].
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Fig. 1. During the physical human-robot interaction, the central nervous
system regulates muscle activation and arm configuration, which together
determine the arm’s dynamic properties, i.e., inertia (M), damping (D),
and stiffness (K). These measurable modalities (muscle activity and arm
joint kinematics) can serve as inputs to a physics-informed neural network,
which incorporates force and kinematic data within its loss function to ensure
physically consistent estimation of the arm’s endpoint impedance parameters.

With the increasing use of collaborative robots (cobots) in
shared workspaces, especially for tasks that cannot be fully au-
tomated, understanding and replicating human adaptability has
become critical [10]. Physical human-robot interaction (pHRI)
applications, such as rehabilitation and assistive robotics, re-
quire robots to respond safely and intuitively to human motion
and interaction forces [11], [12]. As a result, incorporating
human endpoint impedance into pHRI control enables robots
to interact with humans naturally and adapt to their mechanical
behavior [13]-[15].

In physical human-robot interaction (pHRI), multiple joints
contribute to the endpoint behavior, and their coupled dy-
namics determine the overall impedance of the hand [16].
The most established approach for estimating multi-joint hu-
man arm impedance is the perturbation paradigm, in which
controlled force or position perturbations are applied to the
hand while recording the resulting motion response. The
endpoint impedance is then identified by fitting the relationship
between force and kinematic deviations to a second-order
mass-damper-spring model, yielding the inertial (M), damping
(D), and stiffness (K) parameters [1], [2], [17], [18].

In static postural tasks, where the limb maintains a fixed
configuration, impedance estimation typically focuses on stiff-
ness. During the quasi-steady plateau phase of the perturba-
tion, when velocity and acceleration components are negligi-



ble, the stiffness can be approximated by the linear relation
between force and displacement [19]. For full impedance
estimation, more sophisticated perturbation protocols model
the arm as a multi-joint mechanical system and identify the
dynamic parameters by regression or frequency-domain fitting.
Examples include the use of polynomial approximations [5],
[20] and stochastic perturbations [21].

B *| Stiffness Ellipsoid for high co-contraction|

Stiffness Ellipsoid for low co-contraction

Fig. 2. The size of the ellipsoid represents the magnitude of the endpoint
stiffness; the blue ellipsoid represents the low co-contraction among the an-
tagonistic pair, and the gray one represents when there is high co-contraction.
In the image at the top, the principal direction of the stiffness is along the
x-axis, whereas at the bottom, the principal direction is along the y-axis. This
shows that it changes with the arm configuration.

When the interaction task is dynamic, estimating impedance
becomes difficult because it continuously varies with motion
and muscle activation. Accurate identification requires pre-
cise knowledge of the unperturbed trajectory [2], [7]. Both
position-based and force-based perturbations have been em-
ployed to estimate time-varying impedance in such conditions
[7], [9]. Although these perturbation-based methods remain
the standard for biomechanical accuracy, they are impractical
for natural or continuous multi-joint movements.

An alternative approach for estimating human arm
impedance is to map muscle activity, measured via elec-
tromyography (EMG), to the mechanical parameters of the
limb [22]-[24]. Because EMG reflects neural drive to mus-
cles, it provides an indirect indication of muscle tension and
activation, both of which influence endpoint stiffness [25]. In
this approach, processed EMG features, typically corrected
and normalized activations of pairs of antagonistic muscles,
are related to impedance parameters through biomechanical
muscle models or data-driven regression frameworks [8], [23],
[26]-[28].

The key advantage of EMG-based estimation is that it can
be performed during unperturbed, continuous motion, since
impedance modulation arises from voluntary muscle activa-
tion rather than external perturbations. Mapping of human
arm stiffness to the stiffness parameters of a remote robot
manipulator by EMG in real time was introduced in the tele-
impedance application [26]; although not a direct contact-

based pHRI scenario [29], it demonstrated the capability of
transferring the human impedance parameter using EMG.
Later, a reduced-complexity five-degree-of-freedom (5-DOF)
model was proposed to estimate human endpoint stiffness
by combining joint angles with normalized EMG signals,
enabling real-time stiffness adaptation during multi-joint in-
teractions [27]. More recently, a simplified model estimated
endpoint stiffness in three Cartesian directions from forearm
co-contraction levels and arm configuration and validated
through perturbation-based identification experiments [8].

However, most EMG-based mappings focus primarily on
stiffness estimation, as damping and inertial components can-
not be inferred directly from muscle activation alone. More-
over, these models typically require subject-specific calibration
and are trained or identified offline using perturbation-based
datasets before being deployed for real-time inference [8],
[26], [27]. While such methods estimate impedance without
interrupting movement, their reliance on empirically derived
mappings and offline tuning limits their ability to generalize
to complex, dynamic interaction scenarios.

Data-driven machine learning models can similarly learn the
mapping between multimodal signals and impedance parame-
ters when trained offline and subsequently deployed for real-
time estimation. As discussed earlier, numerous studies have
demonstrated that arm endpoint impedance is influenced by
arm configuration and muscle co-contraction level. Endpoint
stiffness, in particular, is strongly affected by these factors,
which jointly determine both the magnitude and directional
anisotropy of stiffness, typically represented as an ellipsoid in
Cartesian space, as shown in Fig. 2. Utilizing the relationships
between muscle activity and joint kinematics, therefore, could
provide a pragmatic estimate of human impedance in dynamic,
multi-joint contexts.

Previous work has explored this concept using machine
learning approaches. For instance, mapping EMG and joint
angles of participants interacting with an exoskeleton helped
the estimation of joint stiffness during multi-joint movements
without applying perturbations [30]; however, the study was
limited to a two-degree-of-freedom (2-DOF) setup in which
the arm motion was constrained by an exoskeleton, which is
not ideal for pHRI scenarios. More recently, a study combined
SEMG features with elbow joint angle to estimate endpoint
stiffness, demonstrating the feasibility of EMG-kinematic fu-
sion for impedance prediction in single-joint, unconstrained
motion [31]. However, the estimated stiffness in that work
was derived from model-generated rather than experimentally
measured ground truth, limiting its physical interpretability.

Although data-driven models can represent complex non-
linear relationships, they often function as black-box systems
without explicit modeling of the underlying neuromechanical
mechanisms [32]. Integrating a human model in the pHRI
can lead the robot to improved human understanding and
better functionalities [12]. Thus, utilizing physics-informed
machine learning methods could offer the best of both worlds:
a data-driven model constrained by physical laws, allowing
generalization to more uncertain conditions while maintaining
physically plausible boundaries [33], [34]. Recent studies
have successfully applied physics-informed neural networks



(PINNS) in the biomechanical domain to predict joint kinemat-
ics and muscle forces [32], [35], demonstrating their potential
to infer underlying biomechanical parameters in a physically
consistent manner.

Previous data-driven studies have primarily addressed ei-
ther single-joint motion or constrained multi-joint movement
for impedance estimation. In this study, we developed a
multimodal learning framework for estimating human arm
endpoint impedance during unconstrained, multi-joint physical
human-robot interaction. The framework integrates surface
electromyography (sEMG), joint kinematics, and interaction
forces measured from a collaborative robot to estimate the
dynamic impedance parameters, inertial (M), damping (D),
and stiffness (K) for both static and dynamic interactions
while establishing a concrete ground truth. We designed a
physics-informed neural network (PINN) that embeds the
governing mass-damper-spring relationship directly into the
learning objective, ensuring that model predictions remain
plausibly physically consistent. The framework proposes a
Temporal Convolutional Network Physics-Informed Neural
Network (TCN-PINN) architecture, which combines temporal
feature extraction from multimodal signals with physics-based
constraints to capture the time-dependent behavior of human
impedance. In parallel, for comparison, we also implement
a Temporal Convolutional Network Multi-Layer Perceptron
(TCN-MLP), a purely data-driven model as a baseline without
physics integration. The goal of this study is to investigate
whether incorporating physical priors into a data-driven net-
work can improve human arm endpoint impedance estimation
compared to conventional black-box approaches.

II Methodology

This section gives a complete overview of the proposed frame-
work, divided into two subsections. Section II-A describes the
methodology for estimating human arm endpoint impedance,
including the experiment setup, protocol, and identification
technique that are used to establish the ground truth. Section
II-B presents the architecture of the proposed neural network
models, i.e., TCN-MLP and TCN-PINN, and the evaluation
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criteria to assess their performance. The complete framework
is illustrated in Fig. 3.

II-A  Arm Endpoint Estimation during pHRI

The first step toward multimodal estimation of impedance
is obtaining the reference (ground-truth) endpoint impedance
values, used to train the models. In this study, endpoint
impedance was estimated independently along each Carte-
sian axis (£x, +y, £z). This estimation approach follows
established perturbation-based impedance identification meth-
ods in physical human-robot interaction [7], [36]. Estimat-
ing impedance per axis decouples the identification prob-
lem, enabling stable least-squares estimation of the inertial
(M), damping (D), and stiffness (K) parameters within short
analysis windows. Modeling all six cross-axis coupling terms
would require perturbations in multiple directions and longer
recordings, which often introduce voluntary motion responses
and reduce estimation reliability [36]. The single-axis ap-
proach, therefore, provides physically meaningful, direction-
specific impedance parameters while maintaining experimental
tractability and consistency with prior literature.

II-A.1 Experimental Setup

The complete experimental setup is shown in Fig. 4. It
consisted of a KUKA LBR iiwa 7 R800 collaborative robot
(KUKA AG, Augsburg, Germany), a Bota Systems SenseOne
six-axis force/torque (F/T) sensor (Bota Systems AG, Zurich,
Switzerland) mounted at the robot end-effector, an OptiTrack
Prime 13W motion capture system (NaturalPoint Inc., Cor-
vallis, OR, USA), and Trigno Avanti wireless surface EMG
sensors (Delsys Inc., Natick, MA, USA).

The KUKA LBR iiwa 7 was controlled in Cartesian space
using an impedance controller implemented through the Robot
Operating System (ROS) and the Fast Research Interface
(FRI) at 200 Hz. In perturbation-based impedance estimation,
either position-controlled [20], [37] or admittance-controlled
[7], [36] schemes are commonly employed. In this study, a
Cartesian impedance controller was selected, as it provides a
stable and well-defined dynamic behavior of the robot while

< _ -

Fig. 3. Proposed multimodal framework for human arm endpoint impedance estimation. Left: Experimental setup and data collection for physical human-robot
interaction using EMG, motion capture, and force sensing. Right: Architecture of the proposed TCN-PINN model trained on the processed dataset alongside
least-squares identification results.



Fig. 4. The image shows the complete setup used in the experiment. During
the interaction with the robot, the subject modulates muscle co-contraction
according to the task requirements while receiving visual feedback on a
display.

allowing compliant interaction with the human. By regulating
the robot to behave as a virtual mass-spring-damper system,
the controller ensures safety and transparency during con-
tact while injecting perturbation forces. Unlike pure position
control, it allows measurable end-effector displacements in
response to human impedance, and unlike admittance control,
it does not rely on high-bandwidth force control. This makes
impedance control suitable for estimating human endpoint
impedance during physical human-robot interaction using the
KUKA LBR platform [38].
The commanded joint torques were computed as,

r=J"(-Ke— D), (1)

where J is the end-effector Jacobian, ¢ = x — x4 is the
Cartesian pose error, & is the end-effector velocity, and K
and D are the stiffness and damping matrices, respectively.
This control law makes the robot behave as a virtual mass-
spring-damper system in task space, allowing the end-effector
to deviate compliantly when external forces are applied. A
secondary (null-space) control was implemented to maintain
the desired joint posture and compensate for gravity with-
out interfering with the end-effector motion. Together, these
components ensure stable and transparent interaction behavior
suitable for estimating human endpoint impedance during
physical human-robot interaction.

For this experiment, only the five degrees of freedom of
the human arm were captured, as wrist muscles contribute
minimally to endpoint stiffness compared to the shoulder
and elbow muscles [28]. The computed joint motions in-
cluded shoulder flexion/extension, abduction/adduction, inter-
nal/external rotation, elbow flexion/extension, and forearm
pronation/supination. To record joint kinematics, six OptiTrack

Prime 13W cameras were positioned around the workspace to
track cluster markers placed on the shoulder, upper arm, and
forearm, at a sampling rate of 240 Hz (Fig. 5).

Fig. 5. sEMG sensors are positioned according to the SENIAM recommenda-
tions, and three rigid marker clusters are placed on the upper arm and forearm
to capture their relative orientation with respect to the shoulder marker.

Muscle activity was recorded using surface EMG (SEMG)
sensors targeting the posterior, medial, and anterior deltoids;
pectoralis major; pronator teres; and the biceps-triceps antag-
onistic pair. These muscles were selected for their primary
roles in generating the recorded joint movements. EMG data
were collected at 2148 Hz, and electrode placement (Fig. 5)
followed the SENIAM recommendations [39].

The hand position corresponded to the handle attached to
the robot end-effector, recorded directly by the robot at 200
Hz. The F/T sensor mounted between the end-effector and
handle measured interaction forces at 1000 Hz. All EMG,
motion capture, force, and robot data were streamed to a
single computer via TCP connection, ensuring synchronized
multimodal acquisition. System clocks between the systems
were synchronized using a local Network Time Protocol (NTP)
server, maintaining timestamp alignment with the computer
hosting the ROS master within approximately 5 ms.

II-A.2 Experiment Protocol

To evaluate whether the proposed framework can estimate
human arm impedance from multimodal inputs, a single
participant was recruited for this pilot experiment. The pro-
cedure began with collecting the maximum voluntary isomet-
ric contraction (MVIC) of each target muscle. After sensor
placement, the subject underwent exercises that activated each
target muscle separately to capture the maximum contraction.
The exercise was repeated three times with a one-minute rest
between repetitions to minimize fatigue. Once all MVIC data
were collected, the subject entered the motion capture volume
to calibrate the neutral joint position by standing upright with
both arms relaxed alongside the body, palms facing the body,
and feet parallel and shoulder-width apart.

The experiment consisted of both static and dynamic trials.
For the static trials, six distinct arm poses were selected to
cover the reachable workspace and represent typical interac-
tion configurations that could be encountered during pHRI
(Fig. 6). The subject was seated to stabilize the trunk, ensuring
that perturbations were isolated to the arm and not transmitted



Fig. 6. The static trials are recorded in six distinct arm poses covering the
encountered during physical human-robot interaction (pHRI).

to the torso. To examine the effect of muscle co-contraction,
each static pose was tested under two activation levels: low
and high. During the high-contraction condition, the subject
co-contracted the biceps and triceps muscles to increase joint
stiffness [40]. Real-time visual feedback of normalized EMG
amplitudes was displayed on a monitor to help the subject
regulate the co-contraction intensity, as shown in Fig. 4.

Raw EMG from the biceps and triceps, Ey(t) and Ey(t),
were full-wave rectified and low-pass smoothed using a
300 ms rolling RMS window to obtain envelopes F4(t) and
Ey(t). Each envelope was then normalized by its maximum
voluntary isometric contraction (MVIC), yielding normalized
activations,

Ey(t)

Py(t) = 2l 0= g @

~ pMVIC?
Eb

The instantaneous co-contraction level was defined by the
min-rule [8]:

C(t) = min(Py(t), Pi(t)), 3)

which represents the overlapping portion of antagonist ac-
tivations. Here, C'(t) = 0 indicates unilateral activation (a
more compliant arm), whereas a larger C(¢) indicates stronger
activation (greater joint stiffness). Based on pilot distributions,
C < 0.1 was categorized as low co-contraction and C' > 0.1
as high co-contraction.

Each static pose was repeated ten times under the low
co-contraction condition and five times under the high co-
contraction condition to minimize fatigue. Each trial lasted 90
s, during which randomized perturbations were applied along
the £z, +y, and £z directions (three per direction) so that
the subject could not anticipate the upcoming perturbation.

For the dynamic trials, only the low co-contraction condition
was performed, as maintaining high contraction during contin-
uous motion is impractical and does not reflect natural pHRI
behavior. In this case, the subject moved the robot handle back
and forth along the z-axis following a straight-line trajectory,
while perturbations were applied perpendicular to the motion
direction. Each dynamic trial was repeated five times, with 18
perturbations per trial.

The Cartesian impedance controller regulated motion
through a virtual mass-spring-damper system; thus, the ef-
fective perturbation intensity depended on both the robot’s
intrinsic impedance and that of the human arm, as well as on
the perturbation duration. Therefore, the perturbation ampli-
tude and duration were selected to sufficiently excite the arm’s

range of the workspace and representing possible interaction configurations

dynamics while remaining within the pre-voluntary response
window (< 115 ms) to exclude voluntary corrections [41] and
to keep the peak displacement below 10 mm, preserving the
local linearity assumption of the impedance model [2], [41],
[42]. Based on these requirements, a commanded force step
of 8 N lasting 80 ms was experimentally chosen, with at least
4 s between consecutive perturbations.

For both static and dynamic trials, the robot’s translational
stiffness (K;) was set to approximately zero to minimize
its influence on the impedance estimation, and the rotational
stiffness (K) was set to 150 N-m/rad to maintain end-effector
orientation and prevent motion coupling across Cartesian axes
during perturbation injection. The damping ratio r was set to
0.9. Gravity and inertial compensation were calibrated before
the experiment to render the robot effectively weightless to
the subject, ensuring that the robot’s intrinsic impedance had
a negligible effect on the estimation of human arm impedance.

II-A.3 Data Processing and Impedance Identi-
fication

After data collection, two main objectives need to be addressed
before feeding to the neural network: (i) preparing the multi-
modal dataset to be used as inputs for the neural network, and
(if) identifying the data required to compute the impedance
parameters that serve as the ground truth.

The raw sEMG signals, recorded at a sampling rate of
2148 Hz, were first band-pass filtered between 20 Hz and 450
Hz to remove motion artifacts and high-frequency noise. The
filtered signals were then full-wave rectified to convert all neg-
ative oscillations into positive values. Since muscle activation
magnitude and co-contraction level directly influence endpoint
impedance [9], [26], the rectified EMG signals were smoothed
using a root-mean-square (RMS) window of 50 ms to capture
the mean power of muscle activity [43]. Finally, each muscle
channel was normalized by its respective maximum voluntary
isometric contraction (MVIC) value.

Joint kinematics were captured by tracking the rigid-body
markers with the motion capture system at 240 Hz. The
recorded Cartesian poses were converted to joint-space angles
(in radians) through Euler-angle transformations following the
anatomical joint definitions. To prevent discontinuities caused
by angle wrapping, particularly in shoulder internal/external
rotation and forearm pronation/supination, the joint angles
were encoded using their sine and cosine representations
before being used as neural network inputs. In addition to
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Fig. 7. Complete overview of the physical human-robot interaction experiment. During the perturbation experiment with the robot, muscle activities from
seven muscles are recorded using surface electromyography (SEMG), joint kinematics are captured via a marker-based motion capture (MoCap) system,
hand pose is obtained from the robot end-effector position, and interaction forces are measured using a six-axis force/torque (F/T) sensor. The perturbation
direction and axis information are provided by the ROS master, which also handles all inter-device communication. All recorded modalities are post-processed,
synchronized to a common sampling rate of 200 Hz, and stored in a unified dataset. The synchronized position and force data are then used to estimate the

ground-truth impedance parameters.

joint positions, joint angular velocities were computed using
a third-order Savitzky-Golay derivative filter. Including joint
velocities allows the network to account for the dynamic
effects of muscle contraction, since muscle force and thus
stiffness depend not only on activation and length but also
on contraction velocity due to the nonlinear force-velocity
relationship [30].

The estimation of the hand pose and interaction force
is essential for both ground-truth impedance identification
and the physics-informed neural network. The robot end-
effector pose p(t) was recorded at 200 Hz, while velocity
and acceleration were derived using a third-order Savitzky-
Golay derivative filter to ensure smooth and temporally aligned
kinematic signals.

The raw force signals measured by the 6-axis F/T sensor
were preprocessed to remove high-frequency noise while pre-
serving human-induced dynamics. The three Cartesian force
components (F, Fy,, F,) were low-pass filtered using a
fourth-order Butterworth filter with an 18 Hz cutoff frequency,
determined to retain the bandwidth of human arm dynamics
while attenuating sensor noise [44].

After post-processing all raw signals, the data were syn-
chronized and resampled at 200 Hz to align with the robot
controller’s FRI update rate and to ensure equal vector lengths
across modalities before being used as neural network in-
puts. The corresponding perturbation-axis information (i.e.,
the direction of the applied force) was appended to each
synchronized window to provide the network with contextual
information about the perturbation direction, which is crucial
for learning axis-dependent impedance behavior.

From the synchronized dataset (force, pose, velocity, accel-
eration, and axis labels), endpoint impedance was estimated

for each perturbation window. Each window was anchored
at the detected force onset (%), followed by a 15 ms guard
period to exclude onset transients. Although each perturbation
impulse lasted approximately 80 ms and voluntary human
responses typically occur after about 100 ms [45], the number
of data samples within that short interval was insufficient for
a stable regression, resulting in unrealistic parameter values.
Therefore, impedance estimation was performed over extended
time frames ranging from 80 ms to 320 ms with 20 ms
increments, and the most physically consistent results were
obtained using a 260 ms analysis window. This choice also
aligns with previous impedance estimation studies employing
similar perturbation durations [7].

Pre-window baselines for force, velocity, and acceleration
were computed over the 25 ms preceding ¢ty and subtracted
to obtain baseline-corrected signals. The signed perturbation
axis (+x, *y, +2) was inferred from the axis channels and
used to project all signals onto the dominant direction, yielding
( f ,a,0,¢é) corresponding to the force, acceleration, velocity,
and displacement along the perturbation axis. For each win-
dow, impedance parameters were obtained using ordinary least
squares:

f(t) =~ Ma(t)+ Do(t) + K é(t), 4)

where M s b, and K represent the estimated inertia, damp-
ing, and stiffness, respectively. All non-positive parameter
values were discarded and excluded from the neural network
training dataset. The valid impedance estimates were stored
alongside the synchronized multimodal signals to serve as
ground truth for both model training and evaluation.

The complete ground truth estimation experiment setup and
data processing pipeline is illustrated in Fig. 7.



II-B Neural Network Model

In the proposed framework, illustrated in Fig. 3, the archi-
tecture of Temporal Convolutional Network Physics-Informed
Neural Network (TCN-PINN) is presented. The clear layer
configurations are shown in Fig. 8 and Fig. 9. In addition,
a purely data-driven baseline model, termed the Temporal
Convolutional Network Multi-Layer Perceptron (TCN-MLP),
was also implemented to evaluate the effect of the physics-
informed regularization. This serves as a direct evaluation of
how incorporating physical constraints in architecture affects
predictive accuracy and model generalization.

II-B.1 Architecture Overview

In this study, the network inputs consist of multimodal time
series combining surface electromyography (sEMG) signals
and joint kinematic information, which together capture the
neuromuscular activation and mechanical state of the limb dur-
ing interaction. Each data sample represents a short temporal
window of synchronized recordings at 200 Hz. After excluding
the 15 ms onset guard, each window spans approximately 245
ms, resulting in a sequence of 49 time steps that enclose the
transient impedance response.

Given the task demand for capturing the temporal property
in short-duration windows, a Temporal Convolutional Network
(TCN) architecture was adopted [46]. Unlike static feedfor-
ward models that process each frame independently, TCN uses
dilated causal convolutions that allow the model to capture
time-dependent relationships, such as how changes in muscle
activation and joint velocity jointly influence endpoint stiffness
while maintaining strict temporal causality. The input tensor
X € REXTXC where B is the batch size and T = 49,
contains C' feature channels corresponding to different input
modalities. This configuration allows the convolutional filters

INPUT

X €eR[B, T, C)
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to capture the temporal evolution of both EMG and kinematic
features over roughly a quarter of a second.

Two architectures were developed under a common tem-
poral encoder to evaluate the impact of physical consistency
within the learning framework. The first, a purely data-
driven model (TCN-MLP), learns the statistical mapping be-
tween multimodal input sequences and impedance parameters
solely from data. The second, the physics-informed model
(TCN-PINN), extends this design by introducing a physics-
consistency branch that constrains the predictions to satisfy the
governing mass-damper-spring relationship between motion
and force. Both models share the same temporal feature
extraction strategy based on causal convolutions, ensuring they
learn from identical temporal contexts. Their architectures
differ slightly: the TCN-MLP uses a lighter encoder with
64 hidden channels, batch normalization, and a single shared
regression head, whereas the TCN-PINN employs a deeper
encoder with 128 channels, group normalization, and separate
regression heads for each impedance component, together
with the physics-consistency branch. These differences were
introduced intentionally to accommodate the additional inputs
and physics-based supervision in the TCN-PINN. Therefore,
any performance differences between the two models can be
attributed primarily to the addition of the physics-informed
regularization rather than to differences in temporal modeling.
This setup provides a fair and controlled comparison between
a purely data-driven estimator and one guided by the physical
dynamics of human impedance.

The baseline TCN-MLP serves as a purely data-driven
model for predicting the impedance parameters [M, D, K]
directly from multimodal temporal features. Each training win-
dow X € RBXTXC contained C' = 25 normalized channels
consisting of seven EMG features, five joint cosine and sine
encodings each, and five joint angular velocities, along with
three axis components (z, y, z). Non-axis inputs were z-scored

Loss function

[ Data Loss

\w
Laata = ) wi
[ Z gil +e

Liotal = Ldata + Lphys

Physics Loss
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Fig. 8. Architecture of the proposed TCN-PINN. Multimodal inputs are processed by a 1x1 Convld layer followed by four causal residual TCN blocks.
A global average pooling produces a latent vector that feeds three parallel MLP heads predicting the impedance parameters (M, D), K)). The model is
trained using a supervised data loss and a physics loss enforcing the mass-damper-spring relation Fj|(t) = M) a(t) + D) 9(t) + K é(t).
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Fig. 9. (A) Layer architecture of the TCN block. (B) Layer architecture of a
single MLP head used to predict M, D, and K.

using training-set statistics, whereas axis features were left
unnormalized to preserve their directional meaning.

The model begins with a 1 x 1 convolutional projection
layer that maps the input channels to 64 latent feature maps,
followed by a stack of five residual TCN blocks with kernel
size 3 and dilations (1, 2,4, 8,16). Each block consists of two
causal convolutions, each followed by batch normalization,
ReLU activation, and dropout (p = 0.1), with skip connections
maintaining stable gradient propagation. The temporal features
extracted by the TCN are aggregated through a global average
pooling layer, resulting in a latent vector h € R4,

Finally, a multilayer perceptron (MLP) head maps h to the
impedance parameters through Linear(64 — 32) — ReLU —
Dropout(0.1) — Linear(32 — 3), producing the predictions
[M), D), K))]. A Softplus activation is applied to ensure
non-negative outputs, preserving physical interpretability. This
baseline serves as a reference to evaluate how well temporal
feature extraction alone can estimate impedance without ex-
plicit physics constraints.

Building upon the baseline, the Temporal Convolutional
Network Physics-Informed Neural Network (TCN-PINN) ex-
tends the architecture by incorporating additional motion and
force features, a deeper encoder, and a physics-consistency
module that enforces dynamic relationships between motion
and interaction forces. Each input sequence X € REXT*C
with T = 49 and C = 37, includes the same EMG and
joint features as in the baseline model, supplemented with end-
effector pose, velocity, acceleration, and force signals, along
with three-axis components. These additional modalities en-
able the model to learn both the neuromuscular and mechanical
contributions to impedance.

The encoder begins with a 1 x 1 convolutional layer
that projects the input to 128 latent channels, followed by
four TCN blocks with kernel size 3 and dilations [1, 2,4, 8].
Each block consists of two causal convolutions followed by
Group Normalization (GroupNorm(1,128)), ReLU activation,

and dropout (p = 0.1), the structure of a single TCN block is
represented in Fig. 9. The causal padding (k — 1) - d ensures
that the receptive field grows only toward the past, maintaining
strict temporal causality. The final feature representation is
obtained through a global average pooling (GAP) layer, which
compresses the temporal features into a latent vector h € R,

From this latent representation, three independent regression
heads estimate the impedance parameters through identical
multilayer perceptrons defined as Linear(128 — 128) —
SiLU — Dropout(0.2) — Linear(128 — 1) — Softplus
(Fig. 9), producing positive-valued predictions [M|}, D), K]
that are consistent with their physical meaning as mass,
damping, and stiffness terms.

During training, the TCN-PINN also reconstructs the in-
teraction force F)(t) using the predicted parameters and the
observed kinematic quantities based on the mass-damper-
spring model:

FH(t) = MH(Al(t) + D||17(t) + K”é(t), 5)

where a(t), 0(t), and é(t) represent the measured accel-
eration, velocity, and displacement error projected along the
interaction axis. The reconstruction error between F)(t) and
the measured force F(t) defines the physics loss, which acts
as a regularization term guiding the network toward physically
consistent impedance estimates.

This design allows the TCN-PINN to utilize both data-
driven learning and physical laws: the TCN encoder captures
temporal dependencies across EMG and kinematic signals,
while the physics branch constrains the predicted parameters
to obey the underlying motion-force relationship. The overall
architecture, illustrated in Fig. 8, demonstrates how the learned
parameters influence the reconstructed force during training,
resulting in impedance estimates that are not only accurate but
also physically interpretable.

Both models were implemented in PyTorch and trained
using the Adam optimizer. Table I summarizes the key hy-
perparameter settings for both architectures. The complete im-
plementation pipeline, including preprocessing, normalization,
and data loading procedures, was developed in Python.

TABLE I
SUMMARY OF KEY HYPERPARAMETERS FOR TCN-MLP AND TCN-PINN
ARCHITECTURES.
Parameter TCN-MLP TCN-PINN
Hidden dimension 64 128
Kernel size 3 3
Dilations (1,2,4,8,16) (1,2,4,8)
Normalization BatchNorm1d GroupNorm(1,128)
Dropout (encoder / head) 0.1/0.1 0.1/0.2
Activation ReLU SiLU
Batch size 64 64
Optimizer Adam (1 x 1073) | Adam (1 x 1079)
Training epochs 300 300
Early stopping 30 30

II-B.2 Loss Function

Both models were trained as regression networks to estimate

the endpoint impedance parameters y = [M), Dy, K| from




multimodal temporal input data. The reference, or ground-
truth, impedance values are denoted by § = [M, D, K]. The
training objective includes a data-driven loss that enforces
agreement between the predicted and measured parameters.
For the TCN-PINN, an additional physics-based loss is in-
troduced to ensure that the predictions also satisfy the dy-
namic mass-damper-spring relationship between motion and
interaction forces. The total objective function for the physics-
informed model is defined as:

Elotal = Edata +A Ephys; (6)

where A is the physics-weighting coefficient, gradually
increased during training with a cosine warm-up schedule,
reaching A = 0.4 at its maximum.

1. Data-driven loss

For both the TCN-MLP and TCN-PINN, the primary super-
vised term Lg,, minimizes the prediction error between the
estimated parameters y) and the ground-truth values §. Each
target component was first normalized by its median absolute
value over the training set to balance the loss magnitudes
across parameters with different physical scales. The data loss
combines a relative Mean Absolute Error (MAE) term with a
small absolute MAE contribution to improve robustness near
low-magnitude regions:

wiE | |y\|A,i - yi|
|9 + €

D
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where 5 = 0.1 balances the absolute MAE term and
w,; are per-target weights derived from the inverse median
of each parameter to prevent bias toward larger values, and
€ = 1075 is a small constant added for numerical stability. The
asymmetric weighting factor «; is defined such that o; = 7
when y); < g; (underestimation) and «; = 1 — 7 otherwise.
In this implementation, 7 = 0.6, so that underestimations
are penalized more strongly than overestimations. Because
the impedance parameters (M, D, K) differ significantly in
scale and statistical distribution, a symmetric loss tends to
bias the optimization toward dominant ranges. Introducing an
asymmetric term mitigates this imbalance [47]. It discourages
the systematic underestimation of stiffness and damping, and
yields physically more plausible parameter estimates.

This data loss formulation ensures that both models learn
an accurate mapping between the input features and the
impedance parameters while maintaining stable gradients and
balanced learning across all three outputs.

2. Physics-informed loss

The TCN-PINN introduces an additional physics-
consistency term, Ephys, that constrains the predicted
impedance parameters to reproduce the measured interaction
forces. Using the predicted parameters, the reconstructed
force is compared with the measured force as defined in
Equation (8). The measured force F(t) serves as the physical
reference. The physics loss penalizes deviations between the
reconstructed and actual forces:

Lonys = By <F(2_IFU)> w|. ®

where Fige is the median of \F(t)| over the training
batches to normalize the magnitude, and w(¢) is a normal-
ized weighting term proportional to |a(t)|, |0(¢)], and |é(t)].
This formulation ensures that the model focuses on regions
with dynamic excitation, improving numerical stability. The
inclusion of Lynys encourages the model to discover parameter
combinations that not only minimize prediction error but also
remain dynamically consistent with the mass-damper-spring
system.

When A = 0, the TCN-PINN reduces to the data-driven
case, but the two models remain distinct in their architec-
ture and data requirements: the TCN-MLP does not access
the motion-state variables (a,?,é, F) used by the physics
branch, thereby maintaining a separation between data-only
and physics-informed learning.

II-B.3 Evaluation Metrics

The predictive performance of both models was quantitatively
evaluated using three complementary metrics: the Mean Ab-
solute Error (MAE), the normalized Mean Absolute Error
(nMAE), and the coefficient of determination (R?). These were
computed for each impedance parameter, inertia (M), damping
(D), and stiffness (K) on the held-out test set using unscaled
values, where §; denotes the ground-truth reference and yj ;
the model prediction.

1. Mean Absolute Error (MAE) and Normalized Mean
Absolute Error (nMAE)

The MAE measures the average absolute deviation between
the predicted and reference values:

1 N
MAE: = = [yin = Gin| ©)
n=1

where i € {M, D, K} denotes the impedance component, and
N is the total number of test samples. While MAE provides
an error magnitude in physical units (kg, N-s/m, and N/m),
the values of M, D, and K differ by orders of magnitude.
Therefore, a normalized MAE (nMAE) was computed to
enable direct comparison across parameters:

N ~
|y||,’i,n — Yin |

I’lMAEl . ~
median(|J; train|)

x 100%.  (10)

1
N
n=1
Here, the absolute error is normalized by the median mag-
nitude of each target in the training set and expressed as a
percentage. This provides a scale-invariant measure of predic-
tion accuracy suitable for comparing performance across M,

D, and K.

2. Coefficient of Determination (R?)
The coefficient of determination quantifies how well the
predicted values explain the variance of the ground-truth data:

27]:,:1 (yH,Zﬂ’L - gi,n)Z

R?=1- ~
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where ¢; is the mean of the reference target values. An R?
value close to 1 indicates that the model accurately captures
both the magnitude and variation of the true impedance
parameters.

Together, these metrics provide a complete evaluation of
the models: MAE and nMAE quantify prediction accuracy in
physical and normalized scales, while R? assesses the ability
to reproduce the variability and trends of the true parameters.

IIT Results

This section presents the results obtained from the pro-
posed framework. Section III-A describes the results of the
perturbation-based experiments, which establish the ground-
truth impedance parameters and serve as reference values for
training and evaluation of the neural network models. Section
III-B reports the predictive performance of the proposed
models, comparing the estimated impedance parameters with
the identified ground-truths.

III-A Ground Truth Estimation

The reference impedance parameters were obtained from six
static arm poses, each tested under two muscle activation
conditions: low co-contraction (10 repetitions) and high co-
contraction (5 repetitions), as well as from one dynamic trial
(5 repetitions). Trials producing non-physical estimates, such
as negative impedance values or perturbations with weak peak
force (F' < 0.8 N) or displacement (< 0.002 m), were
discarded to ensure data quality and consistency.

In Fig. 10, the effect of muscle co-contraction is illustrated
for a single arm configuration (Pose 1). Under the low co-
contraction condition, the mean and standard deviation of
the estimated impedance parameters along the z-, y-, and z-
directions were as follows: for the x-direction, M = 0.817 £+
0.201 kg, D = 20.62 £ 4.13 N-s/m, and K = 304.42 +
55.08 N/m; for the y-direction, M = 0.4254+0.079 kg, D =
9.53+2.09 N - s/m, and K = 101.084+22.76 N /m; and for the
z-direction, M = 0.368+0.072 kg, D = 10.66+2.17 N - s/m,
and K = 195.57 &+ 23.67 N/m.

Under high co-contraction, the impedance parameters in-
creased noticeably, particularly along the x-direction, the prin-
cipal axis of the stiffness ellipsoid for Pose 1. The estimated
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values were M = 0.4044+0.304 kg, D = 32.96+6.94 N - s/m,
and K = 621.73+133.65 N/m for 2; M = 0.363+0.099 kg,
D =886+3.18 N-s/m, and K = 297.60 &+ 72.31 N/m for
y; and M = 0.362 + 0.163 kg, D = 18.69 + 5.84 N - s/m,
and K = 473.74 £ 68.26 N/m for z.

The same figure (Fig. 10) also compares the impedance pa-
rameters between two different arm configurations (Pose 1 and
Pose 5; see Fig. 2 and Fig. 6) under low co-contraction. For
Pose 5, the observed values were M = 0.243+0.128 kg, D =
14.08+4.95 N - s/m, and K = 219.314+42.26 N/m in the z-
direction; M = 0.7724+0.290 kg, D = 36.28 £10.97 N - s/m,
and K = 413.61 + 81.32 N/m in the y-direction; and
M = 0.619 + 0.127 kg, D = 6.02 + 2.45 N-s/m, and
K = 188.28 +29.51 N/m in the z-direction.

Impedance values were estimated for all six static poses.
But, the results from Pose 1 (under two co-contraction levels)
and Pose 5 (as a different arm configuration) are presented here
to demonstrate the reliability of the identification procedure
and the consistency of the estimated ground-truth parameters.
A more detailed analysis of these results is provided in the
discussion section. For the dynamic trials, mean £ standard
deviation values were not reported, as both posture and mus-
cle activation varied continuously throughout the movement,
making such a summary less meaningful.

III-B Neural Network Prediction

The dataset was split into training, validation, and test sets
using an 80/10/10 ratio to ensure balanced coverage of trials.
Each model was trained for a maximum of 300 epochs using
the Adam optimizer, with an early-stopping patience of 30
epochs to prevent overfitting.

For reference Fig. 11 shows the evolution of the total loss
(Equation (6)) and physics-weighted losses (p = A Lpnys)
for the TCN-PINN (A > 0) over epochs. Training began
with total losses of L;, = 0.708 and L,; = 0.4257. The
weighted physics-loss components, p;, and p.j, started near
zero and gradually increased as the physics term was intro-
duced through the warm-up schedule. After about 65 epochs,
both total losses plateaued around Ly, = 0.1326 and L.; =
0.2728, with pt, = 0.0225 and p,; = 0.0361. Training stopped
automatically after 30 epochs, which was set as early-stopping

Pose 1 (low) 800 Stiffness (K)

Pose 1 (high)
Pose 5 (low)

Pose 1 (low)
Pose 1 (high)
Pose 5 (low)

Fig. 10. Comparison of the mean + standard deviation of the estimated impedance parameters during static trials. The panels show inertia (M), damping
(D), and stiffness (K) for low and high co-contraction conditions at Pose 1, and for low contraction at Pose 5.



patience to avoid overfitting when no further improvement in
validation loss is observed.
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Fig. 11.

Training and validation loss components over epochs.

The TCN-PINN model displayed similar trends across its
two variants. For static trials, the R? values were 0.410, 0.444,
and 0.495 when A = 0, and 0.419, 0.636, and 0.807 for A > 0.
When trained on combined data, the R? values were 0.288,
0.411, and 0.389 for A = 0, and 0.451, 0.725, and 0.747 for
A > 0. The graphical representation comparison of these four
cases is presented in the Fig. 13.

TCN-PINN (A=0) vs TCN-PINN(A>0) O Static (.= 0)
. (Rz ) O Static and Dynamic (.= 0)
OStatic (> 0)

OStatic and Dynamic (. > 0)

o
o

Both models were trained using datasets consisting of static
trials only and datasets combining both static and dynamic
trials. Each configuration was trained and tested independently
to assess the influence of data composition.

For the baseline TCN-MLP model trained on static trials
only, the normalized mean absolute errors (nMAE) for inertia,
damping, and stiffness were 0.380, 0.355, and 0.339, respec-
tively, resulting in a mean nMAE of 0.358. When the dynamic
trials were included, the inertia nMAE slightly decreased to
0.368, while the damping and stiffness nMAE values increased
to 0.369 and 0.379, respectively, yielding a mean nMAE of
0.372.

O Static trials only
L TCN-MLP
(RZ ) OStatic and Dynamic
trials

0.8
0.6
0.4
0.2

0
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Fig. 12. Comparison of the coefficient of determination (R?) for the TCN-
MLP model trained on static trials only versus the same model trained on
both static and dynamic trials.

Table IT summarizes the nMAE results for all model config-
urations, including the TCN-PINN trained under two subcases:
with the physics constraint disabled (A = 0) and enabled
(A > 0). When trained on static trials, the TCN-PINN (A = 0)
achieved mean nMAE of 0.387, while the physics-informed
TCN-PINN(A > 0) obtained 0.328. For the combined static
and dynamic dataset, the corresponding mean nMAE values
were 0.403 for A = 0 and 0.328 for A > 0.

The coefficient of determination (R?) was also computed for
all impedance components (M, D, and K). For the TCN-MLP
trained on static trials, the R? values were 0.408, 0.714, and
0.568 for inertia, damping, and stiffness, respectively. When
dynamic trials were included, the R? values became 0.438,
0.672, and 0.437; the comparison of these two conditions is
also shown in Fig. 12.
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Fig. 13. Comparison of R? for the TCN-PINN model for both cases when
the model trained on data-driven loss (A = 0) and when physics-informed
loss(A > 0) for both the static trials only and when the model was trained
on both static and dynamic trials.
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Fig. 14. Comparison of the R? across models.The image compares the
baseline TCN-MLP and the physics-informed TCN-PINN (A > 0) when
trained on the combined dataset.

A complete comparison of R? values across all configura-
tions is presented in Table II.

Lastly, the baseline TCN-MLP model was also trained for
static trials only using different combinations of input modal-
ities to evaluate the individual contribution of each modality
and verify that model performance was not dominated by a
single input source. The results are summarized in Table III,
showing the nMAE and R? for each impedance parameter
under various input configurations.

IV Discussion

The main objective of this work was to investigate whether
incorporating physics into a data-driven model could improve
the estimation of the complete human arm impedance pa-
rameters. From the results, the trend supports that including
physics priors in the model strengthens the predictions, as can
be interpreted from Table II.

When the TCN-PINN model was trained without the
physics loss function (A = 0), the overall evaluation metrics



TABLE II

TCN-PINN CONFIGURATIONS.

COMPARISON OF NORMALIZED MEAN ABSOLUTE ERROR (NMAE) AND OF COEFFICIENT OF DETERMINATION (RQ) ACROSS DIFFERENT TCN-MLP AND

Model Data Type M (nMAE / R?) D (mMAE / R?) K (mMAE/ R?) nMAE (mean)
TCN-MLP Static 0.380 / 0.408 0.355/0.714 0.339 / 0.568 0.358
TCN-MLP Static and Dynamic ~ 0.368 / 0.438 0.369 / 0.672 0.379 / 0.437 0.372
TCN-PINN(A = 0)  Static 0.377 / 0.410 0.431 / 0.444 0.352 / 0.495 0.387
TCN-PINN(A > 0)  Static 0.387 / 0.419 0.351/ 0.636 0.246 / 0.807 0.328
TCN-PINN(A = 0)  Static and Dynamic ~ 0.388 / 0.288 0.444 /0411 0.377 / 0.389 0.403
TCN-PINN(A > 0)  Static and Dynamic ~ 0.378 / 0.451 0.346 / 0.725 0.261 / 0.747 0.328
TABLE III

AND COEFFICIENT OF DETERMINATION (RQ) FOR EACH IMPEDANCE PARAMETER.

COMPARISON OF INPUT FEATURE CONFIGURATIONS FOR THE BASELINE TCN-MLP MODEL, SHOWING NORMALIZED MEAN ABSOLUTE ERROR (NMAE)

Model Input Features M (nMAE / R?) D (nMAE/ R?) K (nMAE/ R?) nMAE (mean)
TCN-MLP  Axis only 0.572 / —0.113 0.621 / 0.008 0.560 / —0.142 0.584
TCN-MLP EMG + Axis only 0.428 / 0.287 0.499 / 0.384 0.443 / 0.336 0.456
TCN-MLP  Joint angles + Axis only 0.344 / 0.537 0.358 / 0.690 0.413 / 0.387 0.372
TCN-MLP  Complete (EMG + Joints + Axis) 0.380 / 0.408 0.355 /7 0.714 0.339 / 0.568 0.358

were lower than those obtained when A > 0. Furthermore,
the model performance degraded when dynamic trials were
included in training. In contrast, enabling the physics term
in the loss function (A > 0) improved impedance prediction
accuracy, as illustrated in Fig. 13. Among all configurations,
this physics-informed version of the TCN-PINN performed
best, even when compared with the baseline TCN-MLP, which
was purely data-driven (Fig. 14).

The TCN-MLP did not perform poorly overall and produced
nMAE values close to the TCN-PINN with A = 0, though it
did not match the performance of the physics-informed TCN-
PINN (A > 0). The reliability of the TCN-PINN (A > 0)
can also be inferred from the model’s stability when trained
on combined static and dynamic trials: the model did not
collapse even when dynamic data were introduced. It could
be because including the dynamic trials introduces the data
variability that improves the model’s generalization. However,
when A = 0, including the combined dataset, the TCN-
PINN performed noticeably worse. It should be noted that
there were only five dynamic trials containing 90 perturbation
segments, which is relatively small compared to the number
of static trials. Nevertheless, these 90 dynamic perturbations
introduced sufficient variability in the impedance parameters
that could not be effectively captured by a purely data-driven
model, a trend also observed for the TCN-MLP, though to
a lesser extent. The slightly better performance of the TCN-
MLP compared to the TCN-PINN without physics may arise
from architectural differences between the two models.

The physics term in the loss function does not dominate the
total loss and contributes to improving estimation accuracy.
As seen in the results, the weighted physics loss remains
smaller than the data-driven loss. Its inclusion improved model
performance by integrating kinematic information and thereby
helping the network maintain physically consistent predictions.

Although the TCN-PINN (A > 0) demonstrates improved

impedance estimation, its accuracy is still not sufficient for
reliable real-world implementation in pHRI. This limitation is

not due to a shortcoming in the network architecture itself
since the training curves show no signs of underfitting or
overfitting, and the mean nMAE remains below 33%. While
this is not optimal, it indicates a functional baseline that can
be further improved by additional hyperparameter tuning.

The main issue lies in the quality and quantity of the training
data rather than the model’s structure. The identification of
human arm impedance parameters is a challenging problem
in HRI, which depends on numerous factors, including the
experimental setup, control scheme, and the biological vari-
ability between subjects, which affect the estimation. In this
study, the choice of a Cartesian impedance controller was non-
trivial, as most existing impedance estimation works utilize ad-
mittance or position controllers. Nevertheless, the impedance
parameters identified from the perturbation experiments are
comparable to estimates reported in prior literature [7], [48].
Moreover, the change in impedance characteristics of damping
and stiffness parameters with a change in arm configuration
and co-contraction level is as expected. The impedance gain
is higher in the direction where the arm can generate greater
force and stability.

The inertial parameters remain unaffected by muscle co-
contraction and should remain constant for a fixed arm con-
figuration [6]. However, in our experiments, we observed vari-
ation in the estimated inertia across different co-contraction
levels for the same pose, a trend also reported in a study
using endpoint impedance for skill transfer [49]. We interpret
this anomaly due to estimation inaccuracy; increased endpoint
stiffness due to co-contraction alters the system’s motion
response to perturbation, changing the timing and amplitude
of the kinematic signals. This affects the conditioning of
the regression in the second-order model and shifts how
the model attributes force among the inertial, damping, and
stiffness terms. Furthermore, inertia estimates also showed
higher standard deviation compared to damping and stiff-
ness, which aligns with findings from dynamic impedance
estimation studies [48]. But in our case, this variability was



present even in static trials, which is likely due to how the
Cartesian impedance controller shaped the interaction. While
gravity compensation was calibrated before the experiment,
some residual inertial effects from the robot’s end-effector
may have contributed to the observed noise in force-impulse-
based estimation. Switching to an admittance controller for
ground-truth identification could help improve the consistency
of inertia estimates. Alternatively, adapting the robot control
to stiffness and damping only during interaction may also
improve efficiency and user experience [50]. In such cases,
the Cartesian impedance remains a valid option for ground-
truth collection due to its ability to estimate the damping
and stiffness parameters and its transparent and safe behavior
during pHRI.

Regarding the effect of central nervous system (CNS)-
controlled modalities, the baseline TCN-MLP was trained with
individual modality inputs to evaluate their relative contribu-
tions (see Table III). When trained with EMG-only or axis-
only inputs, the model performed poorly compared to when
joint-angle and axis information were provided together. This
finding indicates that joint kinematics play a major role in
impedance estimation, while including EMG data improves
the estimation of damping and stiffness, highlighting the
influence of muscle activation on impedance modulation. In
this experiment, seven muscles were selected based on their
functional roles in the chosen joint motions. However, since
the co-contraction of antagonistic pairs mainly affects endpoint
stiffness, targeting such muscle pairs more directly would
likely improve estimation accuracy.

It should be noted that this experiment was conducted with
a single subject, as the primary goal was to evaluate the
feasibility of the PINN framework rather than inter-subject
generalization. In future work, multi-subject datasets will be
required to properly test the generalization capability of the
proposed model. Additionally, joint angles in this study were
estimated using marker-based tracking, which was simplified
and not fully generalizable for multiple participants. For a
broader study, marker placement following ISB-recommended
anatomical positions [51] would provide more accurate joint
angle estimates. In dynamic scenarios, however, full motion
capture is often impractical outside laboratory environments.
In our latest work [52], a single depth camera was successfully
used to estimate joint angles and velocities in real time while
interacting with a robot, proposing a more feasible solution
for pHRI tasks.

Finally, it is important to acknowledge that there is no
absolute ground truth for human arm impedance. All esti-
mation methods inherently rely on assumptions and model
simplifications. The true measure of an impedance estimator’s
usefulness lies in its practical application. With a richer
and more diverse training dataset, the presented TCN-PINN
model could be deployed online during physical human-robot
interaction, using real-time EMG and joint data streams to
estimate impedance and provide adaptive robot behavior to
validate its viability.

V Conclusion

During physical human-robot interaction, humans should
move naturally, engaging multiple joints without external con-
straints. To estimate arm endpoint impedance under such con-
ditions, we developed a framework that combines controlled
perturbation experiments for ground-truth estimation with a
physics-informed, data-driven model predicting impedance
from multimodal signals. The results indicate that incorporat-
ing physics priors improves prediction accuracy and physical
consistency. Although not yet suitable for direct pHRI control,
future work should focus on building richer training datasets,
extending experiments to multiple subjects and movement
conditions, and exploring real-time implementation. These
developments would allow the proposed framework to evolve
from an offline estimation tool into a useful foundation for
adaptive, human-aware robot control.
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Appendix A

Experiment Protocol and Procedure

The purpose of this experiment is to collect data during physical human-robot interaction, where the participant performs
a collaborative task with the robot by holding its end effector. The data collected include the electromyographic (EMG)
activity of major arm muscles contributing to mobility, joint motion kinematics via a marker-based motion capture system,
and force/torque measurements at the human-robot contact point obtained from a load cell attached to the robot’s end effector.
This multimodal dataset is used as input to a machine-learning model designed to estimate the human arm endpoint stiffness
during collaboration.

V-A Apparatus and Their Purpose

o OptiTrack Prime 13W (NaturalPoint Inc., Corvallis, OR, USA): Captures the motion of the participant during the
experiment.

« Bota Systems SENSONE (Bota Systems AG, Ziirich, Switzerland): 6-axis force-torque sensor measuring interaction
forces and torques at the robot’s end effector.

o Trigno Wireless Biofeedback System (Delsys Inc., Natick, MA, USA): Surface electromyography (SEMG) system for
recording muscle activity throughout the experiment.

« KUKA LBR iiwa 7 (KUKA AG, Augsburg, Germany): 7-degree-of-freedom collaborative robot used to perform the
physical interaction task.

« Manipulation rod: Attached to the robot’s end effector to allow a comfortable grasp and manipulation.

o Wrist brace: Restricts wrist movement and ensures consistent arm posture across trials.

Estimated duration: approximately 3-3.5 h per participant.

V-B Step 1: Participant Preparation and Information Collection (Est. < 10 min)

Participants are instructed to wear a non-reflective, tight-fitting athletic shirt or tank top to ensure stable EMG and marker
placement. Placement always prioritizes participant comfort and privacy.

1) Explain the procedure clearly to the participant.

2) Provide and collect the signed informed-consent form.

3) Record demographic and biometric information:
« Participant ID, age, sex, height, and weight.
e Dominant hand (only right-handed interaction is conducted).
« Note any musculoskeletal issues, injuries, or skin sensitivities.

V-C Step 2: EMG Sensor Placement and MVIC Collection (Est. ~30-35 min)

Before the main task, maximum muscle activation is measured using Maximum Voluntary Isometric Contraction (MVIC) tests.
Seven dominant muscles are selected to capture the activity contributing to the arm’s five degrees of freedom (DoF): three at
the shoulder, one at the elbow, and one at the forearm.

Functional Degrees of Freedom

1) Shoulder extension/flexion

2) Shoulder abduction/adduction

3) Shoulder internal/external rotation
4) Elbow flexion/extension

5) Forearm pronation/supination

Muscles Monitored

1) Biceps Brachii: Mid-belly placement, one-third from cubital fossa to acromion [5]. Starting posture: seated, elbow flexed
90°, forearm horizontal, palm up. MVIC task: lift an immovable object or push upward against resistance.



2) Triceps Brachii (Long Head): On the muscle belly, halfway between posterior acromion and olecranon, offset medially
by two finger-widths [5]. Starting posture: shoulder 90° abduction, elbow 90° flexed, palm down. MVIC task: push
outward/extend against resistance (3-5 s).

3) Pronator Teres: Volar side of the upper forearm, 3 cm distal to the midpoint between the medial epicondyle and biceps
tendon [1]. MVIC task: elbow 90°, wrist straight, forearm neutral; pronate against manual resistance without gripping.

4) Anterior Deltoid: 3.5 cm below and anterior to the acromion, along the line toward the thumb [5]. Starting posture:
sitting, arms hanging vertically, palms inward. MVIC task: shoulder flexion 45° with resistance at the wrist [3].

5) Middle Deltoid: 3 cm below the acromion on the lateral mid-deltoid, aligned from the acromion to the lateral
epicondyle [5]. Starting posture: sitting upright, stabilized trunk and scapula. MVIC task: shoulder abduction 45° with
resistance at the wrist [3].

6) Posterior Deltoid: Two fingerbreadths posterior to the acromion, oriented toward the little finger [5]. Starting posture:
erect sitting, arms vertical, palms inward. MVIC task: shoulder horizontal extension with resistance at the elbow [3].

7) Pectoralis Major: Clavicular portion, 3.5 cm medial to the anterior axillary line [2]. MVIC task: shoulder 90°, elbow
90°, bilateral palm press against resistance [3].

MVIC Trial Structure:

o Three repetitions per muscle

o Each contraction lasts 3-5 s

o 1-2 min rest between repetitions

o Monitor for fatigue or discomfort; provide extra rest if needed

« Participants may decline any painful trial

Sites are shaved and cleaned with isopropyl alcohol before placement. Adhesive interfaces are single-use.

Caution: Do not use electrodes on participants with silver allergies. Discontinue immediately if irritation occurs and document
any reaction.

V-D Step 3: Marker Placement for Joint-Angle Capture (Est. ~10 min)

Three rigid bodies are tracked to capture upper-limb kinematics:

1) Shoulder

2) Upper arm

3) Forearm

After placement, participants stand in the calibrated OptiTrack volume in a neutral reference position to record baseline
pose.

V-E Step 4: Main Perturbation Experiment (Est. ~ 2 h)

Perturbation testing includes both static and dynamic conditions. Force/torque data and end-effector pose are recorded at 1000
Hz and 200 Hz, respectively. The robot operates in Cartesian-impedance control mode:

° vir = 0 N/m

e D, ratio =0.9

. Mvir ~ 0 kg

Coordinate-Frame Definition:

1) z-axis: shortest side of OptiTrack CS-200 calibration tool

2) z-axis: longest side

3) y-axis: y =z X x

Neural-network input segments correspond to 0-260 ms after perturbation onset. All devices are synchronized via Network
Time Protocol (NTP):

o Linux computer as master clock.
o OptiTrack (Windows 10) and EMG source (Windows 11) synchronized to the master.

Static Postures
Each static trial lasts 90 s:
e 2 s baseline
o 18 perturbations (> 4 s apart)
o 4 s final settling period



Postures:

1) Neutral: Shoulder ~ 0° flexion/abduction; elbow = 90°; forearm neutral.

2) Flexed shoulder, neutral elbow: Shoulder ~ 90° flexion; elbow neutral; forearm neutral.

3) Partial forward extension: Shoulder ~ 75-90° flexion; elbow partially extended; forearm neutral.

4) Abducted shoulder: Shoulder ~ 90° abduction and internal rotation; elbow neutral; forearm neutral.

5) Inward shoulder extension: Shoulder adducted and internally rotated; elbow extended; forearm neutral.
6) Outward shoulder extension: Shoulder abducted and externally rotated; elbow extended; forearm neutral.

Each posture is maintained rigidly during perturbations.
Rest intervals: 1 min after every 3 trials; 3 min between posture blocks; 5 min between static and dynamic sections.

Dynamic Movement Patterns

Each dynamic trial lasts 90 s with 18 perturbations perpendicular to the motion direction. Participants may follow a reference
trajectory while reacting naturally to perturbations.

Patterns:

o X-directional motion

e Y-directional motion

e Z-directional motion

Contraction Levels:

¢ Relaxed: < 0.1 % CIC

« High: > 0.1 % CIC

Contraction emphasis is on the elbow (biceps and triceps), as prior research indicates that combined activation of these
muscles explains 76-89 % of stiffness-ellipsoid variance across co-contraction levels [4].

Fig. 15. Visual cues provided to help participants maintain consistent contraction levels during the task.
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Appendix B

Ground Truth

This appendix presents the mean + standard deviation of ground-truth endpoint impedance parameters;inertia M (kg), damping
D (N-s/m), and stiffness K (N/m)for six arm configurations (Pose 1-6) under low and high co-contraction.

Pose 1

Low Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.817 4+ 0.201 20.62 + 4.13 304.42 + 55.08

Y 0.425 4+ 0.079 9.53 £ 2.09 101.08 £ 22.76

Z 0.368 4+ 0.072 10.66 + 2.17 195.57 + 23.67
TABLE 1V

POSE 1 : LOW CO-CONTRACTION.

High Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.404 £+ 0.304 32.96 £+ 6.94 621.73 £ 133.65

Y 0.363 4 0.199 8.86 + 3.18 297.60 £ 72.31

Z 0.362 + 0.163 18.69 + 5.84 473.74 £+ 68.26
TABLE V

POSE 1 : HIGH CO-CONTRACTION.

Pose 2

Low Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.433 £+ 0.145 8.02 + 341 202.95 + 56.09

Y 1.015 + 0.233 21.21 + 3.86 144.73 £ 42.74

Z 0.470 £ 0.112 5.92 + 2.58 247.79 £ 31.29
TABLE VI

POSE 2 : LOW CO-CONTRACTION.



High Co-contraction

Axis M (kg) D (N-s/m) K (N/m)
X 0.277 £ 0.143 14.69 £ 5.55 557.64 + 97.20
Y 0.990 + 0.239 21.83 £+ 5.36 232.81 + 80.44
Z 0.470 £ 0.174 9.17 & 3.73 308.90 + 40.57
TABLE VII
POSE 2 : HIGH CO-CONTRACTION.
Pose 3

Low Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.576 £+ 0.172 18.66 + 5.20 398.71 + 68.52

Y 0.480 £ 0.110 7.88 + 2.60 136.86 + 33.24

Z 0.668 + 0.120 7.41 £ 2.64 204.21 + 37.79
TABLE VIII

High Co-contraction

POSE 3 : LOW CO-CONTRACTION.

Axis M (kg) D (N-s/m) K (N/m)
X 0.354 4+ 0.302 28.55 + 7.74 874.79 + 88.78
Y 0.546 £+ 0.137 7.24 £ 2.25 221.83 £ 31.55
Z 0.690 &+ 0.224 8.53 + 4.03 349.93 + 59.89
TABLE IX
POSE 3 : HIGH CO-CONTRACTION.
Pose 4

Low Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 1.082 + 0.345 14.18 + 5.68 261.45 + 64.84

Y 0.290 =+ 0.068 6.59 + 1.68 168.20 + 23.54

z 0.373 + 0.100 10.69 + 2.65 189.71 + 36.64
TABLE X

POSE 4 : LOW CO-CONTRACTION.



High Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.926 + 0.516 23.63 + 9.94 374.35 + 118.94

Y 0.092 + 0.073 9.74 + 1.85 412.50 £ 99.38

Z 0.535 + 0.278 571 £ 347 364.28 £ 64.19
TABLE XI

POSE 4 : HIGH CO-CONTRACTION.

Pose 5

Low Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.243 + 0.127 14.08 4+ 4.95 219.31 + 42.34

Y 0.772 4+ 0.291 36.28 4+ 10.99 413.61 & 81.41

Z 0.619 &+ 0.127 6.01 £+ 245 188.28 £ 29.46
TABLE XII

POSE 5 : LOW CO-CONTRACTION.

High Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.102 & 0.057 32.58 &+ 4.72 307.02 + 23.44

Y 0.687 + 0.494 57.00 &+ 18.22 644.19 £ 291.12

Z 0.758 4+ 0.247 4.80 £ 2.82 304.08 £+ 66.92
TABLE XIII

POSE 5 : HIGH CO-CONTRACTION.

Pose 6

Low Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.301 + 0.135 23.67 + 5.92 97.29 + 51.09

Y 0.185 + 0.153 34.94 + 7.12 531.02 + 98.43

z 0.707 + 0.101 525 + 2.29 187.09 + 30.27
TABLE XIV

POSE 6 : LOW CO-CONTRACTION.



High Co-contraction

Axis M (kg) D (N-s/m) K (N/m)

X 0.599 + 0.420 33.96 + 8.89 188.80 + 96.72
Y 0.139 + 0.000" 28.47 + 0.000" 1282.18 4 0.000"
Z 0.670 £ 0.340 346 £+ 3.23 262.35 + 52.12

* Zero standard deviation indicates that, after quality control, only a single window remained for this axis. Windows with implausible values were discarded
using the following quality check (QC) gates: any M, D, K < 0, peak force F' < 0.8 N, or peak displacement < 0.002 m.
TABLE XV
POSE 6 : HIGH CO-CONTRACTION.

V-F Dynamic Trial Signals

This section presents the representative signals recorded during a dynamic trial. The signals include commanded force impulses,
end-effector position, velocity, acceleration, and measured interaction force. Each plot shows the three Cartesian axes (z, y, 2).
Together, these illustrate how short-duration force impulses elicit measurable end-effector displacements and dynamic responses
that form the basis for impedance estimation.
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Fig. 16. Commanded force impulses (F.,,4) along the Cartesian axes. Each rectangular pulse represents a 80 ms perturbation applied through the Cartesian
impedance controller. The impulses are spaced by several seconds to allow the system to return to steady state between perturbations.
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Fig. 17. End-effector position (x(¢)) along z, y, and z axes during dynamic movement. The smooth oscillatory profile in z indicates the imposed trajectory,
while the other axes remain nearly constant except when perturbed.
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Fig. 18. End-effector velocity (x(¢)) during the dynamic task. Distinct transient peaks correspond to the short force impulses, while the baseline oscillations
reflect the voluntary cyclic motion.
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Fig. 19. End-effector acceleration (%(t)) estimated from filtered position data. Acceleration spikes align closely with the timing of each commanded impulse,
confirming proper temporal synchronization and dynamic responsiveness.
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Fig. 20. Measured interaction force (Fieqs) recorded from the force/torque sensor. Each impulse produces a sharp increase in the corresponding force
direction, followed by a damped response reflecting the coupled human-robot dynamics.



Appendix C

Neural Network Supplementary Results

This appendix presents additional results from the neural network training and evaluation. The goal is to show the learning
behavior of all trained models.

Figure 21 and 22 show the loss curves for each model variant used in this study. Across all configurations, the training
and validation losses converge smoothly without divergence, indicating stable optimization and no signs of overfitting or

underfitting. This confirms that the networks can generalize well within the available dataset.
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Figure 23 compares the parity plots of the physics-informed model (TCN-PINN, A > 0) and its non-physics counterpart
(TCN-PINN, X\ = 0) for the predicted impedance parameters i.e inertia (M), damping (D), and stiffness (/). Each scatter
plot shows the relationship between the predicted and true values, where points closer to the diagonal line indicate higher
prediction accuracy. The physics-informed model demonstrates a tighter clustering along the identity line, particularly for
D and K, indicating improved consistency and reduced bias when physical constraints are incorporated into the learning
objective. This visual comparison supports the quantitative results, confirming that embedding physics priors improves the
model’s ability to produce physically plausible and accurate impedance estimates, especially in high co-contraction conditions
where impedance values are higher.
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Fig. 23. Parity plots comparing predicted versus ground-truth impedance parameters for TCN-PINN models. Incorporating physics priors (A > 0) yields
tighter clustering along the identity line, particularly for damping and stiffness.



Appendix D

Joint Angle Capture for Multiple Participants

In this experiment, joint angles were estimated using three marker clusters attached to the forearm, upper arm, and shoulder.
The relative orientations of these rigid bodies were used to approximate the arm’s joint angles. While this approach provides
a practical estimate of segment motion, its accuracy and generalizability across participants can be limited by non-anatomical
marker placement.

A more robust and standardized approach is to follow the International Society of Biomechanics (ISB) recommendations,
or equivalently, to use musculoskeletal modeling tools such as OpenSim, which implement similar anatomical conventions
for defining joint coordinate systems. Using anatomical landmarks ensures consistent segment definitions across subjects and
facilitates comparison with other biomechanical datasets.

c7

Thorax Front Thorax Back Humerus and Forearm

International Society of Biomechanics (ISB) recommendation on joint coordinate system

Fig. 24. ISB-recommended anatomical landmarks for defining thorax, humerus, and forearm coordinate systems.

Following ISB conventions, three primary rigid bodies are defined for estimating upper-limb joint motion:

1) Thorax: defines the global reference frame. Landmarks: IJ (suprasternal notch), PX (xiphoid process), C7, and T8.

2) Humerus: used to compute shoulder joint angles: flexion/extension, abduction/adduction, and internal/external rotation.
Landmarks: AC (acromion), EL (lateral epicondyle), and EM (medial epicondyle).

3) Forearm: used to compute elbow flexion/extension and forearm pronation/supination. Landmarks: RS (radial styloid)
and US (ulnar styloid).

The code used for estimating joint angles from the anatomical marker sites following these ISB definitions is available in
the project repository referenced in Appendix E.



Appendix E

Code And Data Repository

The complete source code and methodology for setting up the experimental pipeline and neural network models are available
at: https://github.com/junglator/Physic-Informed-Arm-Impedance-Estimation—-.git.
Access can be requested for Code and Data.
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