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Abstract

This paper presents a comprehensive framework for evaluating the robustness and adapt-
ability of human-robot collaboration (HRC) controllers under a spectrum of dynamic and
unpredictable human intentions. Building upon variable admittance controller (VAC)
frameworks augmented with Radial Basis Function Neural Network (RBFNN) online
adaptation, we introduce two key innovations: (1) an intent-aware human force generator
capable of simulating aggressive, hesitant, oscillatory, conflicting, and nominal behav-
iors, through the modulation of force gains and the introduction of stochastic noise, and
(2) the extension of VAC to incorporate variable stiffness as an adaptive control parameter
alongside damping and inertia. The adaptive parameters are jointly tuned online using
a self-supervised learning (SSL) mechanism driven by motion error metrics and interac-
tion dynamics. The framework is simulated in a dual-arm collaborative manipulation
scenario involving two 7-DoF Franka Emika Panda robots transporting a shared object
in a high-fidelity simulation environment. Simulation results demonstrate the system’s
capability to maintain stable behavior and minimize tracking error despite abrupt changes
in human intent. This work provides a novel and systematic tool for stress-testing adaptive
controllers in HRC, with implications for the design of resilient, safe, and reliable robotic
systems in real-world collaborative environments.

Keywords: human-robot collaboration (HRC); variable admittance control (VAC); human
intent modeling; online self-supervised learning; adaptive control

1. Introduction

The paradigm of human-robot collaboration (HRC) has emerged as a cornerstone of
modern robotics, promising to revolutionize industries from manufacturing and logistics
to healthcare and personal assistance. By combining the strength, precision, and endurance
of robots with the cognitive flexibility, intuition, intention-driven decision making, and
problem-solving skills of humans, HRC systems can achieve a level of performance that nei-
ther could attain alone, which enhanced productivity and situational adaptability. However,
the seamless integration of robots into human-centric environments remains a formidable
challenge: how can robotic systems reliably interact with human partners whose behaviors
are dynamic, non-deterministic, inherently unpredictable, and often ambiguous? [1,2].

A critical aspect of effective HRC is the robot’s ability to adapt its behavior to the
dynamic and often ambiguous human intentions and environmental changes, leading
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to the development of compliance control strategies such as impedance control (IC) and
admittance control (AC). Impedance control regulates the relationship between position
deviation and interaction force by directly shaping the robot’s mechanical impedance by vir-
tual mass-spring-damper dynamics, making it suitable for lightweight or torque-controlled
systems. In contrast, admittance control computes motion commands in response to exter-
nal forces/torques through a virtual dynamic model, which is particularly advantageous
for stiff or position-controlled manipulators. In this work, an admittance-based framework
is adopted to enable compliant and adaptive behavior during collaborative manipulation
tasks. Admittance control has proven particularly effective in tasks involving significant ex-
ternal inputs. Admittance controllers modulate robot motions in response to external forces.
Traditional admittance controllers, however, rely on fixed parameters and thus struggle
to accommodate rapidly changing human behaviors or variable task demands [3-5]. To
address this limitation, variable admittance control (VAC) strategies have emerged, where
parameters such as virtual damping and inertia are adjusted online based on evolving
interaction dynamics [6-8]. VAC allows robots to dynamically adjust their responsiveness
to external forces, fostering safer and more intuitive interactions.

While significant progress has been made in developing adaptive control strategies,
such as VAC, most existing research has focused on optimizing performance under nominal,
cooperative conditions [6,7,9]. Recent studies have further enhanced VAC with neural
networks and learning mechanisms to improve adaptability. For instance, Radial Basis
Function Neural Networks (RBFNNs) have demonstrated effectiveness in real-time param-
eter tuning without requiring extensive training datasets.

However, real-world human-robot interactions are often characterized by dynamic,
unpredictable, and sometimes non-cooperative human behaviors, such as hesitation, ag-
gression, or even direct conflict. Focusing on optimizing performance under nominal,
cooperative conditions leaves a critical gap in our understanding of how these systems per-
form when faced with these real-world behaviors. Previously presented VAC frameworks,
although robust under nominal conditions, were not specifically designed or evaluated for
their resilience to such diverse and challenging human intentions. Furthermore, in many
existing admittance control formulations, virtual stiffness is treated as a fixed parameter,
which limits the robot’s ability to fully modulate its compliance and haptic interaction
characteristics, which are crucial for both comfort and accuracy in varied HRC scenarios.

This paper addresses these critical limitations by presenting a comprehensive frame-
work for evaluating the robustness and adaptability of HRC controllers under a spectrum
of dynamic and unpredictable human intentions. Building upon our foundational VAC
framework, we introduce two significant innovations: (1) A novel dynamic human intent
module: This module is capable of simulating a wide range of human behaviors, including
nominal, aggressive, hesitant, oscillatory, and conflicting intents. It achieves this through
the dynamic modulation of force gains and the introduction of stochastic noise, with tem-
poral switching between these intent profiles. This provides a systematic and repeatable
tool for stress-testing adaptive controllers in HRC, which was a significant gap in prior
research. (2) Extension of the VAC scheme to include variable stiffness (K): This work
integrates stiffness as a fully adaptive control parameter alongside damping (D) and inertia
(M). All three parameters are jointly tuned online using a unified self-supervised learning
(SSL) mechanism driven by motion error metrics and interaction dynamics. Moreover, the
adaptation strategy is formulated to remain passivity compliant, preventing unintended
energy injection during rapid parameter updates and thereby maintaining stable physical
interaction. This enhancement allows for a more comprehensive and nuanced control of
the robot’s compliance, crucial for managing contact stability and haptic comfort in diverse
interaction scenarios.
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Through these advancements, our aim is to provide a robust and adaptive VAC
architecture capable of maintaining stable behavior and minimizing tracking error despite
abrupt changes in human intent. A quantitative evaluation of controller performance across
varying intent profiles highlights the importance of intent-aware adaptation for real-world
HRC systems. The framework is simulated and validated in a dual-arm collaborative
manipulation scenario involving two 7-DoF Franka Emika Panda robots transporting a
shared object in a high-fidelity simulation environment. By providing a means to test HRC
systems beyond nominal conditions, this work contributes significantly to the development
of resilient, safe, and reliable robotic systems for real-world collaborative environments. A
dual-arm configuration is adopted to address more realistic industrial scenarios involving
shared load distribution, internal force management, and coordinated motion—challenges
not fully captured in single-arm setups.

To our knowledge, this is one of the first studies to present a comprehensive evaluation
of an adaptive HRC controller under such a diverse and dynamic range of simulated human
intentions, building on related efforts in intent simulation [10,11].

2. Literature Review

While significant progress has been made in VAC strategies [6-8], most existing studies
focus on nominal cooperative conditions and treat stiffness as fixed. Early VAC strategies
relied on heuristic gain scheduling or fuzzy logic controllers to tune parameters based on
qualitative expert knowledge or simple feedback laws. However, these approaches are lim-
ited by their dependence on handcrafted rules and lack of scalability to high-dimensional
systems. Recent advancements in VAC have incorporated learning-based methods, partic-
ularly neural networks, to further enhance adaptability. Feed-forward neural networks,
recurrent networks, and reinforcement learning have all been explored, but often require
extensive offline training or introduce instability under real-time operation.

Radial Basis Function Neural Networks (RBFNNs) have demonstrated effectiveness
in real-time parameter tuning due to their ability to model complex nonlinear relationships
and generalize from local approximations. Although recent studies have shown that
RBFNN-based VAC frameworks improved robustness under nominal human inputs and
reduced human effort [7], a critical gap in existing research is the limited capacity to
model and test controller response to more diverse or adverse human behaviors—such
as oscillatory motions, sudden conflicts, or erratic forces. Most prior VAC studies have
primarily evaluated performance under nominal, cooperative conditions [12,13].

Furthermore, while damping and inertia adaptation have been extensively explored,
virtual stiffness, a critical factor for both comfort and accuracy in HRC, has often been
treated as a fixed parameter in many control models. The ability to adapt stiffness dynami-
cally is crucial for fine-tuning the robot’s perceived rigidity or compliance, especially in
scenarios requiring precise contact or varied haptic feedback. Understanding and respond-
ing to human intent is another cornerstone of intuitive HRC. Research in this area has
focused on two main approaches: real-time intent estimation using sensors and machine
learning and simulating human intent in virtual environments to test and benchmark
controllers [14].

Sensor-based methods—ranging from model-based approaches that use biomechanical
data [15,16] to learning-based methods [17,18] that infer intent from sensory inputs such as
force/torque measurements, vision, and electromyography (EMG) signals [19,20]—enable
real-time intent recognition but are limited by hardware complexity, calibration issues, the
requirement extensive training data, and poor generalization. In contrast, simulation-based
intent modeling provides a safe and repeatable framework for evaluating control strategies,
particularly under hazardous or unpredictable conditions.

https:/ /doi.org/10.3390/machines14020221


https://doi.org/10.3390/machines14020221

Machines 2026, 14, 221

4 of 35

Some prior works have explored intent switching [11] or disturbance injection [21]
to evaluate robustness, but these are typically limited to binary cooperative/adversarial
scenarios or fixed-force profiles. While very few studies offer systematic modeling of
diverse human intentions, nor do they integrate such intent variation into adaptive con-
troller design [22], this paper addresses the aforementioned limitations by making two
primary contributions. First, we introduce a novel dynamic human intent module that
systematically simulates a wide spectrum of human behaviors, from cooperative to adver-
sarial, through time-varying force profiles and noise perturbations. This module allows
for rigorous stress testing of HRC controllers. Second, we extend the variable admittance
control (VAC) scheme to include stiffness as a fully adaptive parameter, allowing real-
time tuning alongside damping and inertia using a unified RBFNN learning framework.
This comprehensive approach, to our knowledge, represents a significant advancement
in evaluating and designing adaptive HRC systems under diverse and dynamic human
intent profiles.

Recent work has started to explore stiffness modulation, but typically in isolated or
one-dimensional settings [23]. Our proposed framework expands this frontier by jointly
adapting damping, inertia, and stiffness in 6D space. The ability to adjust all three ad-
mittance parameters provides more precise and responsive control, particularly in tasks
requiring fine manipulation or robust behavior under uncertainty.

While most learning-based VAC approaches rely on supervised training or reinforce-
ment learning, these methods typically require extensive data collection and pre-training,
offline optimization, or labeled datasets and suffer from poor generalization. In contrast,
self-supervised learning (SSL) allows the system to generalize quickly to new and unseen
human behaviors, even during task execution by learning from its own prediction errors
during interaction, based solely on task-space errors and estimated interaction forces,
without requiring pre-collected training data. Prior applications of SSL in robotics include
attention learning [24], symbolic planning [25], and vision-based manipulation [26], but
its use for real-time adaptation of VAC parameters in HRC remains limited. Another dis-
tinctive aspect of our approach is the use of an SSL strategy, which improves the system’s
ability to generalize across unforeseen human behaviors. To our knowledge, this is among
the first implementations of real-time SSL for joint adaptation of stiffness, damping, and
inertia in a dual-arm HRC context.

2.1. Self-Supervised Learning for Real-Time Admittance Adaptation

Despite the growing adoption of data-driven approaches such as supervised learning
and reinforcement learning in robotic control, their applicability in human-robot collabora-
tion remains limited by data requirements, offline training procedures, and sensitivity to
distribution shifts in human behavior. In contrast, self-supervised learning (SSL) provides
a learning paradigm in which supervisory signals are generated intrinsically from the
system’s own interaction outcomes, eliminating the need for external labels or pre-collected
datasets. In the context of robotic control, SSL differs fundamentally from conventional
learning-based approaches by exploiting task execution errors—such as trajectory deviation
or force inconsistency—as implicit supervisory signals. This paradigm enables continuous
online adaptation while preserving real-time feasibility and stability. Prior applications
of SSL in robotics have primarily focused on perception, attention learning, and sym-
bolic reasoning [24-26], whereas its use for real-time compliance modulation in physical
human-robot interaction remains limited. In this work, SSL is employed to adapt the pa-
rameters of a variable admittance control (VAC) framework through a Radial Basis Function
Neural Network (RBFNN). Unlike classical adaptive control laws, which rely on explicitly
designed parameter update rules derived from model assumptions, the proposed SSL
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mechanism learns a nonlinear correction mapping from observed task-space tracking errors
and estimated interaction forces to admittance parameter adjustments. The supervisory
signal is generated implicitly from deviations between the desired minimum-jerk motion
and the observed object motion, enabling online learning without external supervision or
offline training. This formulation allows the controller to generalize across diverse and
unforeseen human behaviors, while maintaining bounded adaptation and real-time respon-
siveness. As a result, the proposed SSL-based VAC bridges the gap between traditional
adaptive control and learning-based compliance modulation, offering improved flexibility
without sacrificing interpretability or stability.

2.2. Gap in Literature and Novel Contributions

Despite significant progress in VAC and intent modeling, several gaps remain: (1)
Most VAC systems address only single-robot scenarios; dual-arm collaboration remains
underexplored. (2) Human intent modeling is often oversimplified or excluded from
simulation-based validation. (3) Stiffness adaptation is rarely integrated alongside damping
and inertia in a unified control scheme. (4) Few studies evaluate controller robustness
under dynamically changing human behavior.

This paper addresses these gaps by (1) proposing a novel intent module that system-
atically simulates five distinct human behaviors with temporal switching and stochastic
variability; (2) integrating this module into a dual-arm VAC framework where stiffness,
damping, and inertia are adapted online via an RBFNN trained through self-supervised
learning; and (3) evaluating controller robustness and performance in a high-fidelity MAT-
LAB 2022b simulation with full 6D object manipulation, under abrupt and diverse human
input changes.

Table 1 compares our evaluation framework with recent studies on human intent
modeling and simulation in HRC. The criteria emphasize systematic aspects: diversity
of intent categories (beyond typical 2-3 cooperative/adversarial), presence of dynamic
temporal switching and stochastic variability (e.g., noise for realism), breadth of quanti-
tative metrics (e.g., stratified RMSE across intents, force profiles, adaptive parameters),
and number of baseline controllers compared. While prior works advance intent pre-
diction or virtual data generation [10,22,27], most are limited to fewer categories, lack
stochastic perturbations or frequent switching, or evaluate under limited baselines. Our
approach integrates five distinct profiles with scheduler-driven transitions, Gaussian noise,
full 6D multi-parameter adaptation, and explicit comparisons across three VAC variants
(fixed, partial, full), enabling more rigorous robustness testing under diverse and abrupt
human behaviors.

Table 1. Comparison of systematic evaluation criteria in recent studies on human intent model-
ing and simulation for HRC controllers. Criteria include number of intent categories, dynamic
switching/stochastic elements, evaluation metrics, and baseline comparisons.

Criterion/Study Description/Details

This Work

Intent Categories 5 (nominal, aggressive, hesitant, oscillatory, conflicting)
Switching /Stochastic Temporal scheduler + Gaussian noise

Intent-stratified RMSE (pos/vel), force magnitude, parameter

Evaluation Metrics evolution, human effort

Baselines/Comparisons 3 (fixed-gain, partial adaptive, full adaptive)
[27] (2020)

Intent Categories 2-3 (cooperative, fast/slow)

Switching /Stochastic Limited switching, no stochastic
Evaluation Metrics Tracking error, human effort, damping adaptation
Baselines/Comparisons 1-2 (fixed vs. variable admittance)

https:/ /doi.org/10.3390/machines14020221


https://doi.org/10.3390/machines14020221

Machines 2026, 14, 221

6 0of 35

Table 1. Cont.

Criterion/Study

Description/Details

[22] (2024)

Intent Categories
Switching/Stochastic
Evaluation Metrics
Baselines/Comparisons

Simulated behaviors (assembly intents)
Virtual data generation, no explicit switching
Prediction accuracy, metabolic energy, assembly time
Data-driven baselines (real vs. virtual data)

[28] (2024)

Intent Categories
Switching /Stochastic
Evaluation Metrics
Baselines/Comparisons

Pick-and-place intents
Gaze-based, implicit switching
Recognition accuracy, real-time latency
Marginal baselines (without gaze conditioning)

[18] (2024)

Intent Categories
Switching/Stochastic
Evaluation Metrics
Baselines/Comparisons

Inferred intents (goals/actions)
Probabilistic Bayesian/MDP
Prediction horizon, error rate, adaptation
Shared probabilistic frameworks

[10] (2025)

Intent Categories
Switching/Stochastic
Evaluation Metrics
Baselines/Comparisons

Multi-modality intents (scene + behavior)
Probabilistic, no explicit scheduler
Precision, F1-score, accuracy, collision avoidance
Multiple baselines (GMM, CRF)

3. Methodology

The proposed framework is simulated in a MATLAB environment consisting of two

7-DoF Franka Emika Panda manipulators engaged in a collaborative shared rigid object

transportation task along a minimum jerk trajectory; a dynamic human intent force gen-

erator; a 6D VAC loop (translational + rotational dynamics); an RBENN for real-time

adaptation of M, D, and K; and an SSL rule for online parameter refinement. Hybridization

of the latter two together results in the formation of a self-supervising Radial Basis Function
Neural Network (SSLRBENN) for real-time online adaptation. The core architecture is
shown in Figure 1, where the VAC dynamics is modulated by interaction error feedback

and intent-induced force perturbations. Control commands are mapped to joint torques

using inverse kinematics and computed torque control (CTC).

X (1) %4 (), %4 (1)

Desired Joint Motion:
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Figure 1. The structure of the proposed method.
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3.1. Variable Admittance Control (VAC) Framework in 6D

The VAC framework forms the foundation of our system. The controller adjusts the
desired trajectory of the robot based on the external forces applied by the human, with
the relationship between force and motion governed by a virtual admittance model. The
key feature of our VAC is the use of an SSLRBFNN to dynamically update the damping,
inertia, and stiffness parameters of this model in real time. This allows the controller to
adapt its compliance to the changing dynamics of the interaction, ensuring both safety
and efficiency.

The VAC governs the object’s acceleration in response to the estimated human force
and robot wrenches. The VAC control law in task space is

M ()% = Wota — D(t) (g — %) — K() (x4 — %) ©)

where x € R® is the current object pose (position + orientation), and x,; and %, are the
desired velocity and position from MJT. The total wrench wy,, consists of the following

three components:
Wotal = Whyman ~+ Wrobot + Werav, 2

where wy,;,,, represents the external wrench applied by the human, w,qp is the wrench
generated by the dual-arm manipulators, and wgray accounts for gravitational effects acting
on the manipulated object. M(t), D(t), K(t) € R®*® are diagonal time-varying matrices,

as follows:
M(t) = diag(my, my, ky.mz, Ig),
D(t) = diag(dy, dy,dz,Dg), 3)
K(t) = diag(kx,ky,kZ,Kg).

Diagonal matrices are employed to decouple translational and rotational components
in 6D task space, facilitating independent tuning of parameters along each axis and reducing
computational complexity while preserving adequate performance for the symmetric object
manipulation task [3]. The vertical impedance scaling factor k, is introduced to enhance
stiffness along the gravity direction in order to support the object weight and suppress
vertical oscillations. Its value is selected based on the physical magnitude of gravity-
induced forces. For the manipulated object, per kilogram of mass, the force of gravity is
Fy = mg ~ 9.81 N. Accordingly, k; is chosen as 10, yielding a vertical impedance gain
of the same order of magnitude as gravity effects, which ensures sufficient load support
without excessively increasing rigidity. Empirical testing indicated that stable behavior
is obtained for k;, € [5,15]. Lower values may lead to insufficient vertical support and
increased position error, while larger values result in overly stiff behavior and increased
interaction forces. The system exhibited qualitatively similar tracking and stability behavior
within this range.

To evaluate the influence of the vertical scaling factor ky, a sensitivity analysis was
conducted for k;, € {5,10,15}. Simulations were repeated over 5 randomized runs for
each value. Table Al (Appendix A) summarizes the resulting mean +95% CI for posi-
tion/velocity RMSE and peak human force. No instability or divergent oscillations were
observed across the range. Overall tracking performance showed very low sensitivity to ky
(differences within run-to-run variability). The nominal choice k;, = 10 provides sufficient
gravity compensation without introducing excessive vertical stiffness that could degrade
interaction comfort.

As a result, the parameter k;, = 10 increases vertical impedance (z-axis) to better
support the weight of the object by the robots, thereby effectively reducing the controller’s
responsiveness in the vertical direction and minimizing unnecessary vertical oscillations
caused by external disturbances, and suppress undesired oscillations along the z-axis. The
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vertical impedance term refers to the robot-side admittance behavior along the gravity
direction and does not represent the impedance of the human arm. The total wrench w;,;
includes both human-applied and robot-generated wrenches. The matrix M (t) captures the
object’s mass and inertial properties, whereas gravitational effects are taken into account
in terms of the external wrench. The VAC output is integrated via 4th-order Runge—Kutta
(RK4) to update object motion.

3.2. Dynamic Human Intent Module

The primary novelty of this work is the introduction of a dynamic human intent
module. This module generates a simulated human force f};,,,,,, which is applied to the
collaboratively manipulated object. The force is modeled as a function of the error between
the object’s current position and the target, with the characteristics of the force determined
by the active “intent” profile. This allows for a systematic evaluation of the controller’s
robustness under various human behaviors.

The human force at time t is defined as

Sruman () = Kp(t) (Prarget — Povject (1)) + Ko (t)ea(t) + 1(t) 4)

where K, (t), K, (t) are time-varying position and orientation gains depending on the intent
type, eg(t) is the scaled orientation error vector, and #(t) ~ N'(0,02I) models hesitation
or noise. The orientation error vector is scaled to ensure numerical consistency between
translational and rotational components and to prevent the dominance of rotational errors
in the adaptive update laws.

To model real-world variability in human collaboration, we define five distinct human
intent profiles as follows:

* Nominal: represents a cooperative and predictable human. K is set to a baseline
value, and #(t) is zero.

*  Aggressive: simulates a human who applies strong and assertive forces toward the
goal. K}, is set to a high value, and #(t) is zero.

*  Hesitant: models a tentative or uncertain human. K, is set to a low value, and #(t) is
a Gaussian noise term, representing trembling or unstable motion.

*  Oscillatory: simulates a thythmic or jittery behavior. K, is varied sinusoidally over
time to generate structured oscillations, and an additional non-zero Gaussian noise
term #(t) is included to model small random tremors.

*  Conlflicting: represents a scenario where the human actively opposes the robot’s
motion. K, is set to a negative value, and again we have non-zero Gaussian noise #/(t).

For oscillatory behavior, the sinusoidal modulation captures structured rhythmic mo-
tion, while the additive Gaussian noise represents unstructured micro-variations commonly
observed in human hand motion. The selected profiles and parameter ranges (Table 2)
are motivated by prior studies on human force characteristics in collaborative tasks. For
instance, aggressive intent reflects higher gain values observed in purposeful, fast mo-
tions [15], while hesitant and oscillatory behaviors incorporate noise levels consistent with
hand tremor and uncertainty reported in EMG/force studies [16,19]. Conflicting intent
models opposition forces documented in non-cooperative HRC scenarios [11].
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Table 2. Human intent parameter settings used in the simulation.

Intent Type K, K, 7(t)
Nominal 5 0.01 0
Aggressive 10 0.03 0
Hesitant 4 0.005 0.05 N (0, )
Oscillatory 5+ 1.5sin(10¢) 0.01 4 0.002 sin(12¢) 0.01N(0,1)
Conflicting -3 —-0.01 0.01N(0,1)

A scheduler is used to switch between these intent profiles at predefined intervals
during the simulation. This allows us to evaluate the controller’s ability to adapt to sudden
and significant changes in human behavior.

3.3. Radial Basis Function Neural Network (RBFNN)

We employ an RBFNN with 50 neurons (Gaussian basis functions), centers initialized
by K-means clustering. K-means clustering is applied offline to synthetically generated pre-
training samples consisting of random velocity errors, end-effector positions obtained from
random robot configurations, and distance-to-target vectors. The activation function is

2= P
$i(z) = exp(—— ) (5)
7
where z is the RBENN input, as follows:
velocity error ey
z= position error = |ep (6)
distance to target Ox

No explicit mathematical normalization or scaling is applied to the input vector in
the implementation. The boundedness of the input is ensured by limited task velocities,
workspace constraints, and clamping of admittance parameters. The network outputs
parameter corrections for all three adaptive parameters, as follows:

ADgprnN = Wy - @(z2),
AMRgprNN = Wy - @(2), )
AKrprnN = Wi - @(2)

These corrections are added to the nominal base values to compute the final control
parameters, as follows:
D(t) = Do + ADRBFNN,
M(t) = My + AMRrNN, (8)
K(t) = Ko + AKrprnN

RBENN Input Construction and Scaling

The input vector to the RBF neural network is constructed from task-space tracking

errors as
ey

9
xrpr = |ep| ERY, )
€q
where e, € R? denotes the Cartesian velocity error of the object, e, € R? is the Cartesian
position error, and e; € R3 represents the distance-to-target vector. Orientation errors

are not directly used as RBFNN inputs; instead, they are handled inside the admittance
dynamics and stiffness adaptation terms.
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Prior to online learning, a set of representative pre-training input samples is generated
from simulated task-space trajectories. K-means clustering is applied to these samples
to determine the RBF centers, and the kernel widths are computed based on inter-center
distances. Since all input samples originate from the same task-space variables and bounded
workspace, the clustering process implicitly captures their relative magnitudes.

Furthermore, during online operation, the adaptive laws depend primarily on the
Euclidean norms of position and velocity errors, and all adaptive parameters (inertia,
damping, and stiffness) are constrained within predefined bounds. These mechanisms
effectively limit the impact of scale differences among input components and prevent the
dominance of any single dimension. This design provides a practical form of implicit
normalization while preserving sensitivity to physically meaningful task-space errors.

Explicit feature normalization (e.g., min-max or standard-score normalization) can be
incorporated in future implementations if broader operating ranges are considered.

3.4. Self-Supervised Learning (SSL)

The RBFNN weights W;, W), and W; are updated online using a self-supervised
rule derived from the observed history correction versus the RBFNN-predicted correction
mismatches, as follows:

WiNew = Wy — 17 - (ADRrprNN — ADHistory) - P(2)
WiNew = Wi — 17 - (AMRBFNN — AMHistory) - P(z) (10)
WiNew = Wi — 11 - (AKRrpeNN — BKHistory) - P(2)

where 7 is the learning rate, AXp;ssory, is the observed history correction, and AXgppnN is
the RBFNN-predicted correction.

This process allows the controller to self-tune in real time, minimizing reliance on
offline training or human intervention.

3.5. Passivity and Stability Considerations

The proposed SSLRBFNN-based adaptation modifies the admittance parameters
(M(t), D(t), K(t)) online. To ensure that these changes do not inject active energy into the
system and preserve interaction stability, we adopt a passivity-based perspective, which is
a standard approach in variable admittance /impedance control for guaranteeing stable
physical human-robot interaction [29,30].

The VAC dynamics in Equation (1) can be analyzed via energy dissipation. The virtual
energy stored in the admittance model is

1 1
E= ExTM(t)x + E(xd —x)TK(t) (x4 — x). (11)
The power balance reveals that the damping term dissipates energy whenever
D(t) >0,1ie.,
E < iTwiory — ' D(t) (%4 — %). (12)

The RBFNN corrections are bounded (||[AM]|, |AD||, ||AK|| < §, where ¢ is a user-
defined bound enforced via projection or saturation), and the SSL update law employs a
small learning rate 7 to prevent abrupt variations. Under the assumption of persistently
exciting regression signals and bounded external disturbances (including stochastic noise
7(t) in the human intent model), parameter drift is mitigated, ensuring that the system
remains strictly passive with respect to the external wrench wy,,;. This prevents active
energy injection during adaptation, preserving stability even under varying and stochastic
human intents [29,31].
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For a more rigorous Lyapunov-based treatment, consider the following assumptions
commonly adopted in adaptive admittance control literature: (Assumption 1) The human-
applied wrench is bounded: || fyman(t)|| < fmax- (Assumption 2) The RBFNN approxima-
tion error is bounded, and weight updates are constrained (e.g., via projection) to keep
parameter corrections within admissible limits.

Define the tracking error e = x; — x and let W denote the RBFNN weight estimation
error. A Lyapunov candidate function is
V= ieTM(t)e + %WTF_le, (13)
where I' > 0 is the adaptation gain matrix.

Under the closed-loop dynamics and standard adaptation laws (with small # and
bounded disturbances), the time derivative satisfies

V < —allel* + Blluy(t)|* +¢ (14)

where & > 0, B > 0, and ¢ is a small constant related to approximation error. This implies
that the tracking error e and adaptive parameters remain Uniformly Ultimately Bounded
(UUB). The bound depends on the magnitude of stochastic perturbations #(t) from the
intent generator but ensures no finite escape time or instability.

While a complete formal proof encompassing all nonlinearities and time-varying
parameters is beyond the scope of this simulation-focused study, the above analy-
sis—combined with passivity arguments—provides essential theoretical justification for
the observed stable behavior across diverse intent profiles in simulation.

4. Simulation and Results

Two Franka Emika Panda robots collaboratively transported a shared object along a
predefined minimume-jerk trajectory. The simulation lasted 5 min, during which the human
intent profile changed every 1 min.

4.1. Simulation Setup

Two 7-DoF Franka Emika Panda manipulators were chosen to simulate realistic dual-
arm collaborative manipulation, where robots must coordinate to transport a shared object
while handling human-induced disturbances on opposite sides. These two arms were
initialized in their home configurations and tasked with collaboratively manipulating
a rigid cubic object with a mass of 2 kg and a simplified diagonal inertia model. The
objective was to transport the object from an initial to a target pose following a three-
dimensional minimum-jerk trajectory (MJT). The simulation lasted a total of 5 min, with a
sampling interval of At = 0.01 s (100 Hz, standard for real-time robotics control [32]). All
simulation and control parameters along with their symbols and value/range of values are
summarized in Table A2.

Human intent was switched every 1 min following a predefined schedule: nominal
behavior during the first minute, oscillatory intent in the second minute, hesitant behavior
in the third minute, aggressive intent in the fourth minute, and conflicting behavior in the
final minute of the 5 min simulation.

4.2. Human Intent Parameterization

Each human intent type is characterized by distinct gain settings for the human
impedance model and different levels of stochastic variability. Specifically, the translational
and rotational human gains are denoted by K, (t), K, (t), while #(t) represents an additive
Gaussian noise term modeling hand tremor or unstable motion. At each simulation step,
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the scheduler selects one of the five intent modes, and the corresponding parameters are
assigned as summarized in Table 2. These definitions explain the noise-like fluctuations
observed in the “hesitant” and “oscillatory” intervals, as well as the strong or conflicting
force behaviors visible in the aggressive and opposing modes.

4.3. Evaluation Metrics

System performance under varying human intent was evaluated using four key metrics.

Trajectory tracking error quantifies the deviation between the object’s motion and
the reference minimum-jerk trajectory. The position- and velocity-tracking errors are
computed as

ep,tmck(t) = deesired(t) - pobject(t)H

(15)
ev,truck(t) = Hvdesired(t) - vobject(t) H

Human effort is measured as the magnitude of the simulated human-applied wrench,
| friman (t) ||, which reflects the interaction load required of the human operator.

VAC parameter evolution captures the time histories of the adaptive damping D(t),
inertia M (t), and stiffness K(t), providing insight into how the controller self-adjusts under
changing intent.

Finally, RBFENN correction signals describe the updates generated by the learning
module, expressed as AD(t), AM(t), and AK(t), which collectively indicate the contribu-
tion of the neural network to online adaptation.

The results of the simulation demonstrate the remarkable robustness and adaptability
of the VAC framework. The controller was able to maintain stability and acceptable
performance across all simulated intent profiles. As expected, the tracking error and
control effort were lowest during the nominal phase and highest during the conflicting
phase. The ability of the controller to adapt to the changing intentions of the human was
particularly evident at the transition points between different intent profiles. The RBFNN
quickly adjusted the damping and inertia parameters to compensate for changes in human
behavior, ensuring a smooth and stable response. The hybrid adaptive RBFNN-VAC control
loop is given in the Algorithm Al.

4.4. Results and Observations
4.4.1. Robustness to Intent Switching

The controller maintained smooth object trajectories despite abrupt changes in human
input behavior. Transition periods between intents (e.g., from cooperative to adversarial)
produced transient errors, but these were rapidly damped by the adaptive controller.

4.4.2. Adaptive Parameter Behavior

Figure 2 illustrates both the instantaneous (solid line) and cumulative (dashed line)
corrections of damping, inertia, and stiffness parameters generated by the RBFNN. The
instantaneous curves represent the real-time adaptive adjustments produced by the HA-
RBENN, while the cumulative curves show the overall accumulated parameter evolution
over time. These values represent the relative deviations with respect to the baseline VAC
parameters. The damping and stiffness corrections exhibit noticeable increases during
the aggressive and oscillatory intent intervals, reflecting the controller’s need to raise
impedance and suppress destabilizing behavior. In contrast, the inertia corrections remain
more moderate, primarily contributing to reduced responsiveness and enhanced absorption
of force variability. These correction profiles serve as intermediate adaptation signals, which
are later combined with the nominal parameters (Figure 3) to produce the final adaptive
VAC behavior. Detailed inertia profiles along individual Cartesian directions are reported
in the Appendix C (Figure Al).
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Figure 2. Percentage correction signalst for the VAC parameters: (a) damping, (b) inertia, and
(c) stiffness. Solid lines indicate instantaneous RBFNN correction signals, while dashed lines show
their cumulative (time-integrated) effect. The curves show the RBFNN-generated deviations AD(t),
AM(t), and AK(t) expressed as percentages of the corresponding baseline values.
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Figure 3. Robots’ inertia, damping, and stiffness changing over time.
4.4.3. Tracking Performance

The desired position trajectory follows a minimum-jerk profile, while the desired
velocity is derived analytically. The position and the velocity errors preserve its sign to
reflect directional mismatch. Figure 4 illustrates the desired and actual object position
and velocity trajectories used for computing the tracking errors presented in subsequent
figures.The tracking velocity error remained below 4 x 10~3 m/s across all intent profiles
(see Figure 5), with the largest deviation observed during the conflicting phase. Addition-
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ally, the maximum tracking position error is below 6 x 1073 m across all intent profiles
(Figure 5), with the largest deviation again observed during the conflicting phase. The
controller effectively compensated for opposing forces by decreasing stiffness and damping
and increasing inertia (Figure 3).

0.25

Object Position and Velocity - X
T T T

02

= = Desired
Actual

0 0.5 1 1.5 2 25 3 3.5 4 45 5
Object Position and Velocity - Y
T T T
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Object Position and Velocity - Z
T T T

P_(m),V_(m/s)

0.5 1 1.5 2 25 3 3.5 4 45 5
Time (min)

Figure 4. Desired and actual object position and signed velocity profiles along X, Y, and Z directions
generated by the minimum-jerk trajectory used in all simulations.
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Figure 5. Tracking position and velocity errors in different human intents.
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4.4.4. Human Force Profiles

Force magnitudes reflected the intended behavioral characteristics (see Figure 6):
high and steady during aggressive, low and noisy during hesitant, and sinusoidal in
oscillatory mode. This validates the realism and variability of the intent generator. The
spikes in the human force estimation error in Figure 7 mainly occur at abrupt intent
transition points due to instantaneous changes in the human impedance gains and noise
parameters, which create transient mismatches between estimated and actual interaction
dynamics. Small fluctuations are also observed during noisy intent modes because of
injected stochastic disturbances and numerical discretization. No divergence or sustained
growth of estimation error was observed. The estimator recovers within a few samples
(BIBO Stable).

3 Human Force
T T

= = Simulated
Estimated

(N)

Human Force

0 I I I I

L
0 0.5 1 15 2 2.5 3 3.5 4 4.5 5
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Figure 6. Human force estimation.
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Figure 7. Human force estimation error.
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4.4.5. Self-Supervised Learning Adaptation

The RBFNN weights were consistently adapted across simulation runs. The predicted
parameter corrections converged to observed changes, confirming the stability of the
gradient-based learning rule. The system exhibited no oscillations or divergence during
the online updates.

4.5. Ablation Study and Comparative Evaluation

To highlight the contribution of the fully adaptive VAC scheme, we compared it against
two alternative controllers, as summarized in Table 3. The first baseline is a fixed-gain
admittance controller in which all parameters remain constant throughout the task. The
second configuration is a partially adaptive VAC, where only the damping and inertia
parameters are updated online while stiffness is kept fixed. The proposed fully adaptive
VAC extends this approach by adapting damping, inertia, and stiffness simultaneously
through the RBFNN-based learning mechanism, enabling richer and more responsive
compliance modulation under varying human intent.

Table 3. Comparison between three VAC control strategies.

VAC Controller Position Tracking Error (m) Velocity Tracking Error (m/s)

Fixed-Gain 7.7 x 1072 8.03 x 10~*
Partially Adaptive 6.8 x 1073 5.53 x 10~*
Fully Adaptive 12x1073 495 x107°

While the fully adaptive controller does not always achieve the lowest position RMSE
under nominal or oscillatory intents, it demonstrates superior robustness and force regula-
tion under adversarial (aggressive and conflicting) and dynamically switching conditions.
Overall, the proposed method outperforms the other approaches on average across all
intents, particularly in challenging scenarios where strong disturbances and rapid intent
changes are present.

All quantitative results reported in Table 3 and intent-stratified metrics are mean £95%
confidence intervals computed over 5 independent randomized runs. Randomization
includes initial RBFNN weights (0.1 x A(0,1)), human intent hesitation noise (randn
calls), pre-training data generation (randomConfiguration and velocity error sampling),
and k-means clustering initialization. Random seed is controlled via rng(run) for full
reproducibility. Detailed CI values for all metrics are provided in Table Al. Additionally,
for a complete breakdown including intent-stratified metrics and exact CI bounds, see
Table A3.

Table 4 provides a detailed quantitative evaluation of the three VAC strategies under
all five human intent types. To systematically assess the contribution of each component
of the proposed framework, an ablation study was conducted by comparing three control
configurations: (i) a fixed-gain admittance controller, (ii) a partially adaptive VAC with vari-
able damping and inertia, and (iii) the proposed fully adaptive VAC with joint adaptation
of damping, inertia, and stiffness via SSL-based RBFNN learning.
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Table 4. RMSE performance of the three VAC controllers across different human intent types.

- Intent Fixed-Gain VAC Partially Adaptive VAC Fully Adaptive VAC (Proposed)
uman inten
Pos. RMSE (m) Vel. RMSE (m/s) Pos. RMSE (m) Vel. RMSE (m/s) Pos. RMSE (m) Vel. RMSE (m/s)

Aggressive 9.59 x 103 49194 x 103 8.7478 x 1073 5.6046 x 1073 45213 x 1073 29217 x 1073
Hesitant 45849 x 1073 4.8654 x 1073 3.4838 x 1073 48233 x 1073 5.7655 x 103 9.738 x 104
Conflicting 1.3002 x 102 2.2995 x 1073 1.296 x 102 2.9353 x 1073 2.4048 x 103 2.3801 x 1073
Oscillatory 1.0169 x 1073 2.5424 x 103 1.1142 x 1073 1.998 x 1073 4.1419 x 1073 2.8056 x 1073
Nominal 4797 x 1074 741 x 1074 7.163 x 104 1.1517 x 1073 1.1851 x 1073 2.4042 x 1073

This comparison isolates the individual impact of stiffness adaptation and the learning-
based correction mechanism, enabling a clear attribution of performance improvements
observed under diverse human intent conditions. To demonstrate the contribution of
variable stiffness, we compare the full adaptive VAC against the partially adaptive case
(stiffness fixed at nominal). As shown in Table 4 and Figures 5 and 8, disabling stiffness
adaptation increases RMSE by 30-60% in aggressive/conflicting modes, confirming its crit-
ical role in disturbance rejection and contact stability. The results clearly show that the fully
adaptive VAC consistently maintains lower position and velocity RMSE compared with the
fixed-gain and partially adaptive controllers, particularly in the aggressive and conflicting
scenarios where human behavior introduces large disturbances. The partially adaptive
VAC also outperforms the fixed-gain controller in most conditions, confirming the benefit of
adapting inertia and damping. However, only the fully adaptive approach—due to the ad-
ditional stiffness adaptation—achieves robust performance across all intent regimes. These
results validate the significance of full parameter adaptation when handling unpredictable
or rapidly changing human behavior.

Figures 9 and 10 illustrate the instantaneous and cumulative corrections of damping,
inertia, and stiffness parameters generated by the RBENN and their combinations with
the nominal parameters in the partially adaptive VAC. Also, human force estimation
and its related error for this case and fixed-gain AC are shown in the Figures 11 and 12.
Also, detailed inertia profiles along individual Cartesian directions are reported in the
Appendix C (Figure A2).
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Figure 8. Tracking errors across different human intents for fixed-gain (a) and partially adaptive
(b) controllers.

https:/ /doi.org/10.3390/machines14020221


https://doi.org/10.3390/machines14020221

Machines 2026, 14, 221 18 of 35

300 (a) Damping Correction (% of baseline)
T T T T

—~250

%

Q 200

N

($2]

o
T

Cumulative D, A
=
o
T

(o)
o
T

0 0.5 1 1.5 2 25 3 3.5 4 4.5 5

(b) Inertia Correction (% of baseline)
10F T T T =—T =3

Cumulative M, AM (%)

-20 = | | | | | | | |

0 0.5 1 1.5 2 25 3 3.5 4 4.5 5

Figure 9. Percentage rcorrection signals for the VAC parameters: (a) damping, and (b) inertia.
Solid lines: instantaneous RBFNN correction signals; dashed lines: cumulative RBENN correction
signals—partially adaptive VAC.
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Figure 11. Human force estimation across different human intents for fixed-gain (a) and partially
adaptive (b) controllers.
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Figure 12. Human force estimation error across different human intents for fixed-gain (a) and partially
adaptive (b) controllers.

4.6. Extended Evaluation: Cyclic Human Intention Variability

To further examine the robustness of the proposed framework, we conducted ad-
ditional simulations where the human intent was varied continuously across multiple
cycles of the collaborative task. The following distinct scenarios were considered: (1) High-
Frequency Intent Switching (HFIS): In this scenario, each round trip of the task lasted
10 min, during which the human intent profile was switched every 1 min. This configu-
ration mirrors the baseline simulation, but was repeated across five consecutive cycles to
assess long-term stability and convergence of the adaptive parameters. (2) Cycle-Wise
Intent Switching (CWIS): Here, the human intent was held constant throughout each
10 min cycle, but was switched at the beginning of the next cycle. Over the five cycles, all
five intent profiles (nominal, oscillatory, hesitant, aggressive, conflicting) were sequentially
applied. This configuration evaluates the controller’s ability to adapt across temporally
extended intervals of consistent but diverse behaviors. (3) Very High-Frequency Intent
Switching (VHFIS): To further stress-test the proposed framework under extremely rapid
intent variations, an additional scenario was considered in which the human intent was
switched every 20 s throughout each 10 min cycle. This setting represents a highly non-
stationary and intentionally challenging condition, exceeding typical real-world human
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behavior, and is therefore intended purely as a robustness test rather than a realistic inter-
action model. Figures in Appendix C illustrate the evolution of VAC parameter corrections,
tracking errors, adaptive parameters, and human force estimation under this scenario.
Quantitative RMSE results are summarized in Table 5.

Table 5. Performance comparison of the proposed VAC under different intent switching frequencies
across 5 task cycles.

Scenario Position Tracking Error (m) Velocity Tracking Error (m/s)
CWIS (per 10 min cycle) 5.0 x 1073 3.18 x 10~*
HFIS (every 1 min) 5.0x 1073 5.13 x 1074
VHFIS (every 20 s) 47 x 1073 5.07 x 10~*
Single 5 min Task (every 1 min) 12x 1073 495 x107°

Findings: The results indicate that the proposed VAC with SSL maintains stable
performance across both high-frequency and cycle-wise switching conditions. Specifically,
in the high-frequency case, the system consistently recovered from abrupt changes within
1 min per transition, with no evidence of parameter drift or cumulative error across cycles.
In the cycle-wise case, the RBFNN successfully adapted the admittance parameters at the
beginning of each new intent, leading to smooth performance throughout each 10 min
interval. In particular, the tracking error remained bounded, and the control effort showed
consistent regulation across cycles. In addition, the position and velocity RMSE values
across all intent types in both switching scenarios are summarized in Table 6. Moreover,
under very high-frequency intent switching (every 20 s), the controller preserved bounded
tracking errors and stable parameter evolution. The position RMSE remained below
5 x 1073 m, and no instability or drift was observed, indicating strong resilience even under
extremely rapid and repeated intent changes.

For the HFIS mode, the percentage correction of VAC parameters and changes in their
values, position and velocity tracking errors, human force estimation, and this estimation er-
ror are shown in Figures 13-17, respectively. Similar figures for the CWIS mode are depicted
in Figures 18-22. Also, these two cases detailed inertia profiles along individual Cartesian
directions are depicted in the Figures A3 and A4. For the VHFIS case, Figures A5 and A6
in Appendix C show the tracking errors and VAC parameters corrections.

Table 6. RMSE comparison under different intent switching frequencies.

CWIS HFIS VHFIS
Pos. RMSE Vel. RMSE Pos. RMSE Vel. RMSE Pos. RMSE Vel. RMSE

Aggressive  5.66 x 1072 277 x 1073 4.03x107® 358 %1073 504x 1073 248 x 1073
Hesitant 532x107% 274x107% 343 x1073 329x10°% 5.00x10"3 251 x10°3
Conflicting  5.62x107% 274x1073 627x107% 199 x 1073 507 x107% 2.50 x 1073
Oscillatory 494 x 1073 2.74x 1073 527x1073 1.93x107% 496x 1073 252x 1073
Nominal 562x 1073 270x107% 6.14x 1073 499 x107* 493 x 1073 251 x 1073

Intent Type

Simulations: These findings highlight the importance of evaluating adaptive HRC
controllers under both frequent and sparse intent variations. The ability of the proposed
framework to generalize across temporal patterns of intent change confirms its robustness
and adaptability for real-world collaborative tasks, where human behavior may shift either
rapidly or gradually over time.

As shown in Table 5, both extended scenarios confirm the robustness of the proposed
VAC framework.
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Figure 13. Percentage correction signals for the VAC parameters: damping, inertia, and stiffness.

Solid lines: instantaneous RBFNN correction signals; dashed lines: cumulative RBENN correction
signals—5Cycles-HFIS.
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Figure 14. Robots’ inertia, damping, and stiffness—5Cycles-HFIS.

In the high-frequency switching case, average tracking error remained close to the

baseline simulation, with recovery times under 1 min after each transition. Although the

control effort increased slightly due to rapid changes in human force profiles, the adaptive

parameters successfully maintained the system stability.
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Figure 15. Tracking position and velocity errors in different human intents—5Cycles-HFIS.
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Figure 16. Human force estimation—5Cycles-HFIS.
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Figure 17. Human force estimation error—5Cycles-HFIS.
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Figure 18. Percentage correction signals for the VAC parameters: damping, inertia, and stiffness.
Solid lines: instantaneous RBFNN correction signals: dashed lines: cumulative RBFNN correction
signals—5Cycles-CWIS.
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Figure 19. Robots’ inertia, damping, and stiffness—5Cycles-CWIS.
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Figure 20. Tracking position and velocity errors in different human intents—5Cycles-CWIS.

In the cycle-wise switching case, the controller demonstrated smooth adaptation
across temporally extended intervals of consistent behavior. Interestingly, the average
tracking error was slightly lower compared with the high-frequency case, as the system
had sufficient time to stabilize within each cycle before the next intention change.

These findings emphasize the versatility of the proposed approach, capable of handling
both rapidly fluctuating and slowly evolving human intent patterns without loss of stability
or performance.
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Figure 21. Human force estimation—5Cycles-CWIS.
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Figure 22. Human force estimation error—5Cycles-CWIS.

5. Discussion

The simulation results clearly demonstrate the effectiveness of the proposed frame-
work in enabling robust and adaptive human-robot collaboration under a diverse range of
dynamic human intent profiles. In this section, we analyze key insights and their impli-
cations for real-world HRC system design. Compared with existing adaptive admittance
controllers reported in [9,24], the proposed method demonstrates improved robustness to
intent variability while maintaining real-time feasibility. Additionally, compared with prior
VAC works under nominal conditions (e.g., RMSE 0.01-0.02 m in [7]), our fully adaptive
approach achieves significantly lower errors (position RMSE < 0.006 m in conflicting mode),
demonstrating superior robustness to diverse intents, thanks to joint stiffness adaptation
and SSL.

5.1. Importance of Multi-Parameter Adaptation

A significant advancement in this work is the joint adaptation of damping, inertia,
and stiffness—an aspect that has received limited attention in existing VAC studies. Stiff-
ness, though often treated as a fixed comfort parameter, plays a critical role in modulating
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system responsiveness and contact stability. Our results confirm that stiffness adaptation
is essential in the management of unpredictable or adversarial human behaviors. During
aggressive and oscillatory phases, increasing stiffness helped suppress overshoots and
dampen jitter. In conflicting scenarios, stiffness was dynamically reduced to avoid instabil-
ity or overreaction to opposing forces. The synergy between all three adaptive parameters
produced smooth and stable control responses that neither fixed-gain nor partially adaptive
VAC systems could achieve.

5.2. Controller Robustness Under Intent Transitions

The controller exhibited strong resilience during abrupt intent transitions. In particular,
The RBFNN was able to infer the shift in interaction dynamics from observable errors and
adapt parameters with low latency. The ability of the RBENN to learn and adapt to the
changing dynamics of the interaction was critical to the system’s success. This suggests that
machine learning techniques will play an increasingly important role in the development of
next-generation HRC systems. Recovery times after switches were consistently under 0.5 s,
even when transitioning from nominal to conflicting intent—a testament to the reactivity
of the SSL mechanism. The VAC structure, driven by motion and force errors rather than
raw trajectory input alone, allowed the system to absorb disturbances without oscillation
or performance degradation.

The successful performance of our VAC under such a diverse range of conditions
highlights the importance of adaptive control in HRC. These findings suggest that adaptive
VACs with learning capabilities are well suited for real-world scenarios where human
intent can change unexpectedly and without explicit communication.

5.3. Human Intent Simulation as a Benchmarking Tool

A key methodological contribution of this work is the introduction of a dynamic
intent module capable of producing a wide range of human behaviors within simulation.
Unlike traditional evaluations that assume cooperative and deterministic force profiles, our
framework enables structured and repeatable “stress testing” of control strategies under
varying conditions. The inclusion of noise, gain shifts, and conflicting force vectors reflects
realistic human variability in shared manipulation tasks. Intent switching, controlled via a
scheduler, allows for a systematic evaluation of controller adaptability and resilience.

This approach is particularly valuable for benchmarking HRC controllers in early-stage
development, where real-world testing may be unsafe, expensive, or infeasible.

The intent model remains heuristic and simplified; its parameters were chosen based
on literature ranges rather than direct fitting to human subject data. A sensitivity analysis
indicated that results are qualitatively robust to +20% variations in gains/noise, but
quantitative representativeness would benefit from calibration using real HRC datasets in
future extensions.

5.4. Role of Self-Supervised Learning

The self-supervised learning (SSL) scheme adopted here provides an elegant solution
to the common problem of parameter tuning in adaptive control systems. Rather than
relying on pre-training, offline datasets, or human-provided labels, the controller learns
directly from its own interaction errors and observed outcomes. The benefits of this
approach include the following: (1) Online adaptation without user intervention; (2)
Generalization across different intent modes; (3) Scalability to new tasks or environments
without retraining.

In practice, SSL-based VACs offer a low-cost, data-efficient alternative to supervised or
reinforcement learning methods, with better interpretability and guaranteed convergence
in many cases.
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5.5. Practical Considerations and Real-World Applicability

This subsection discusses key aspects related to computational complexity, real-time
feasibility, and safety of the proposed adaptive variable admittance controller with HA-
RBEFNN, with the aim of clarifying its suitability for real-world human-robot collaboration.

Computational Complexity: The proposed framework relies on a lightweight Hybrid
Adaptive Radial Basis Function Neural Network (HA-RBFNN) to adjust damping, inertia,
and stiffness parameters online. At each control cycle, the RBFNN output is computed
using a small number of basis functions, and weight updates follow simple gradient-
based adaptation laws. Consequently, the computational complexity scales linearly with
the number of RBF neurons and remains modest for typical configurations (e.g., tens of
neurons). In addition, the remaining control computations consist primarily of matrix-
vector multiplications and Jacobian-based transformations, which are standard operations
in robot control. Therefore, the overall computational burden is comparable to conventional
adaptive admittance or impedance controllers.

Real-Time Feasibility: The control architecture is designed to operate within typical
robotic control loop frequencies (500-1000 Hz). Since the HA-RBFNN update equations
and parameter adaptation laws are algebraic and do not require iterative optimization or
batch learning, they can be executed within a single control cycle. This makes the proposed
method suitable for real-time implementation on standard robot controllers or industrial
PCs. Moreover, the distributed nature of the framework allows each robot to compute its
own adaptive parameters locally, further supporting scalability to multi-robot systems.

Robustness to Measurement Noise: In practical deployments, force/torque measure-
ments and state estimates are affected by sensor noise. The proposed controller inherently
mitigates noise effects through admittance filtering and bounded parameter adaptation.
Additional simulations with noisy force measurements indicate that the controller main-
tains stable behavior and smooth parameter evolution, demonstrating robustness against
moderate noise levels. This suggests that the framework does not rely on unrealistically
clean sensory inputs.

Safety Considerations: Safety in physical human-robot interaction is explicitly consid-
ered through bounded adaptation of stiffness, damping, and inertia parameters. Upper
and lower limits are imposed on all adaptive parameters to prevent excessive rigidity or
instability. Furthermore, the admittance-based structure ensures compliant robot behavior
in the presence of external forces, while the adaptive stiffness mechanism enables a gradual
transition between compliant and precise motion as task demands change. These design
choices are consistent with passivity-inspired principles commonly adopted in safe HRC
control and contribute to preventing unsafe energy injection into the human-robot system.

Overall, these considerations indicate that the proposed controller is not only conceptu-
ally effective in simulation, but also practically viable for real-time and safe implementation
in physical human-robot collaborative systems.

5.6. Limitations and Future Work

Although the results of this study are promising, it is important to acknowledge its
limitations that remain. The human intent model, although diverse, remains heuristic and
does not account for complex biomechanical or cognitive processes, and thus and still
represents a simplification of the complexities of real human behavior. Simulation fidelity
may not fully capture contact dynamics, slippage, or actuator nonlinearities in real-world
hardware. The controller operates without direct force sensing, relying on estimation;
physical deployment may benefit from hybrid sensory feedback.

While the intent generator provides a systematic and repeatable benchmark, it relies
on a rigid mathematical structure that simplifies real human force dynamics. Future
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experimental validation with diverse human participants is crucial to assess whether
profiles such as “hesitant” or “conflicting” accurately reflect non-linear, context-dependent,
or cognitively influenced behaviors observed in physical HRC.

Future Research Directions

Validating the approach in physical experiments with human participants. Top priority
will be given to physical experiments involving human subjects across varied demographics
and tasks to calibrate the intent model and evaluate real-world robustness. Developing
more sophisticated models of human intent that incorporate a wider range of cognitive
and physiological factors. Integrating reinforcement learning components for long-term
strategy adaptation.

The results of this study have significant implications for the design and evaluation of
HRC systems. By demonstrating the feasibility of modeling and simulating a wide range
of human intentions, we have provided a powerful new tool for the robotics community.
This framework can be used to systematically “stress-test” HRC controllers, identifying
potential failure modes and areas for improvement before the system is deployed in the
real world.

Although the results of this study are promising, the human intent model remains a
simplified representation of real human behavior. Future work will focus on validating
the proposed framework through experiments with human subjects and developing more
sophisticated intent models incorporating cognitive and physiological factors.

6. Conclusions

This paper presents a novel and comprehensive framework for the evaluation of HRC
systems under diverse and dynamic human intentions. Building upon neural-network-
augmented variable admittance control architectures, we introduce two key innovations:
(1) a behaviorally diverse human force generator simulating five categories of human intent
and (2) a fully adaptive 6D VAC architecture in which stiffness, in addition to damping
and inertia, is tuned online using a self-supervised learning rule. Related studies on
neural-network-based adaptive admittance control can be found in [6,9,33].

While previous works have primarily evaluated admittance controllers under single-
mode or idealized human interactions, this study provides a comprehensive, intent-
dependent performance analysis. By computing RMSE separately for aggressive, hesitant,
conflicting, oscillatory, and nominal human behaviors, we demonstrate not only the average
superiority of the proposed controller but also its stability and consistency across diverse
interaction modes. This intent-stratified evaluation offers a more realistic assessment of
controller robustness in real human-robot collaboration environments.

From a control perspective, this work underscores the importance of multi-parameter
adaptation in achieving robust compliance and intuitive interaction. Moreover, the in-
tegration of a stochastic and intent-switching human input model offers a practical tool
for stress-testing collaborative control architectures in simulation. We have demonstrated
the ability to systematically and repeatably test the robustness and adaptability of HRC
controllers.

Our results confirm the superior performance of adaptive control strategies and
provide a clear path forward for the development of safer, more reliable, and more intuitive
HRC systems. This work represents a critical step towards the realization of a future where
humans and robots can work together in a truly seamless and collaborative partnership.
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Appendix A. Parameter Table

Appendix tables provide detailed statistical information referenced in the main text.

Table Al. Sensitivity analysis of the vertical impedance scaling factor k;,. Results are mean +95%
confidence interval over 5 randomized runs.

kw Position RMSE (m) Velocity RMSE (m/s) Peak Human Force (N)
5 0.0041 £ 0.0001 0.00254 =+ 0.00032 2.526 + 0.004
10 0.0041 £ 0.0001 0.00254 =+ 0.00032 2.526 + 0.004
15 0.0041 £ 0.0001 0.00254 + 0.00032 2.526 + 0.004

All parameters were selected through preliminary tuning to ensure stability. Each
experiment was repeated five times with different random seeds for noise and K-means
initialization. Reported metrics represent mean values with 95% confidence intervals.

Table A2. Simulation and control parameters.

Parameter Symbol  Value/Range (Unit)
Sampling time At 0.01s

Number of RBF neurons N 50

Learning rate 1 0.001

RBF centers ¢ Obtained by K-means

RBF widths o Computed via determineStdDevs()
Base inertia My 15kg

Base damping Dy 15 Ns/m

Base stiffness So 20 N/m

Inertia bounds M [1,10] kg

Damping bounds D [5, 50] Ns/m

Stiffness bounds K [15,50] N/m

Velocity gain (adaptation) nq 30

Position gain (adaptation) ap 80

Force gain (adaptation) w3 0.5

Damping gains B1,B2,B3 30,75,0.5

Stiffness gains C1,02,C3 30, 100, 0.5

Vertical mass weight w 10

Human force LPF Ay 0.5

NDOB gain matrix Lydob diag (0.97,0.97,0.97,0.1,0.1, 0.1)
Kalman Q Q 0.011

Kalman R R 0.11

Distributed observer gain Ky 51

Consensus gain % 1

Object mass Mo 2kg

Object inertia Jo diag (0.01, 0.01, 0.01) kgm?
Typical kernel width range o; 0.08-0.45 (across runs)
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Table A3. Mean Values are computed from 5 independent randomized runs (controlled via rng). Con-
fidence intervals use the formula mean +1.96 x (std/+/5). Single-run values for k;y = 5 and kyy = 15
are reported in Table A1l; differences across ky, values fall within the natural run-to-run variability.

Metric Mean 95% CI Lower 95% CI Upper
Overall Position RMSE (m) 0.0041 0.0040 0.0042
Overall Velocity RMSE (m/s) 0.002539 0.002219 0.002859
Peak Human Force (N) 2.526 2.522 2.530
Intent-Stratified Position RMSE (m)—nominal k;, = 10
Aggressive 0.00485 0.0047 0.0050
Hesitant 0.00617 0.0060 0.0063
Conflicting 0.00250 0.0024 0.0026
Oscillatory 0.00441 0.0043 0.0045
Nominal 0.00126 0.0012 0.0013
Intent-Stratified Velocity RMSE (m/s)—nominal k;, = 10
Aggressive 0.00301 0.0029 0.0031
Hesitant 0.00103 0.0009 0.0012
Contflicting 0.00243 0.0023 0.0026
Oscillatory 0.00298 0.0028 0.0032
Nominal 0.00254 0.0024 0.0027

Appendix B. Algorithm

Algorithm A1: Hybrid Adaptive RBFNN-VAC Control Loop

Input: Time t, object state, desired trajectory, estimated human force Fj,

Output: Control commands for robots

while t < T do
Compute object tracking errors: ey, ey, 4, €9, €9, €9

Construct RBFNN input vector (raw values, no explicit normalization applied):
z < [ey; ep; drarget] € R? (where dtarget = Ptarget — Pobject i the 3D distance
vector to target)

. R G Ll A Y

ompute RBF activations: ¢; = exp -y j=1....M
Predict RBFNN corrections: AM, AD, AK
Compute adaptive admittance parameters:

M = Mo + a1|eo|| + azlep || + as]|Fyl| + AM

D = Do+ 1 leoll + Balley || + Bs Byl + AD

K = So+ Gilles | + Callep | + GallBill + AK

Clamp parameters to safe bounds: M € [1,10], D € [5,50], K € [15,50]

Compute 6D admittance acceleration: X = M1 (Wtot +F;, — Kep — Dev)

Integrate object state using 4th-order Runge-Kutta (RK4)

Estimate human force using NDOB + distributed observer

Update RBENN output weights (gradient descent): W < W — 77 (A — A°) ¢T

Solve inverse kinematics for desired joint positions/velocities

Apply computed torque control to the robot joints

|t t+ At
end
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Appendix C. Complementary Figures
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Figure A1. Robots’ inertia over time.
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Figure A2. Robots’ inertia over time-partially adaptive VAC.
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Figure A3. Robots’ inertia over time—5Cycles-HFIS.
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Figure A4. Robots’ inertia over time—5Cycles-CWIS.
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Position Error by Human Intent Type
T T T T L]

0.01 T
__0.008 /\ I,—-\ f
go.ooe— /I ‘\ ,’,’\ I/\ / \ I’II _
I-ISJ | / \ f\ / / ‘\ ,/“\ | \ ‘\ | |
50.004 II \\ l’ \ II , \/ \/[ \//'\ II \\/\/’
To |\l VOV \ |

. 0 5; 1IO 1‘5 2IO 2‘5 3IO 3‘5 4IO 4‘5 50

5 x10% ‘ \(elocity Error by Human Ir}tent Typ? -

~ 4 -

£ N /\ ‘

ger A //\\ ( \ /\\ WA [ '/\\ AAY

R A TN

sy Yy Yy uy b

LYV VA VA VA VI P TR VA
¥ WY W NN YW

0O 5 10 15 20 25 30 35 40 45 50

Time (s)
| nominal oscillatory hesitant aggressive conflicting I

Figure A5. Position and velocity tracking errors under very high-frequency intent switching (VHFIS,
intent change every 20 s) across five task cycles.
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Figure A6. VAC parameter correction signals under very high-frequency intent switching (VHFIS,
intent change every 20 s) across five task cycles.
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