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Abstract

This PhD research explores methodologies to simplify robot programming by
progressively integrating physical and cognitive human-robot interaction. The work
began with the identification of the dynamic parameters of a 6-DoF industrial
manipulator, providing a reliable dynamic model for advanced control design and
validation.

An adaptive admittance control framework was then developed to enable safe
hand-guiding. The control law adjusted inertia and damping parameters in real time
according to the relative kinetic energy between the human and the robot, estimated
through a vision-based system. This allowed operators to physically demonstrate
trajectories that were later autonomously reproduced, effectively simplifying robot
teaching.

The approach was further extended to collaborative robotics, where both al-
gorithmic and optimization-based adaptive controllers were implemented. These
controllers incorporated an energy-tank formulation and Power-and-Force-Limiting
(PFL) to bound the relative kinetic energy and ensure safe, stable interaction during
close proximity.

Finally, artificial intelligence methods were applied to achieve cognitive-level
programming, using large language models to translate natural-language instructions
into executable robot actions. Overall, the research outlines a coherent pathway from
model-based identification to adaptive and Al-driven programming, contributing to
safe and human-centered automation within the Industry 5.0 framework.
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Summary

Summary of Chapter 1: Introduction

Industrial robotics is undergoing a transition from paradigms of isolated automation
toward collaborative scenarios in which humans and robots share workspaces, timing,
and, in some cases, physical contact [1]. This transition challenges traditional assump-
tions underlying industrial robot design, where tasks are specified as fixed references
and human presence is treated as an exception to be avoided. In Human-Robot
Collaboration (HRC), the human becomes an intentional source of guidance and
variability, requiring robot behavior to adapt continuously rather than merely reject
disturbances. As a result, modeling, control, safety supervision, and programming
can no longer be treated as loosely coupled layers, but must be conceived as parts of
an integrated interaction architecture.

International safety standards such as ISO 10218 and ISO/TS 15066 formalize
admissible collaborative modes and define quantitative limits on speed, force, and
energy during interaction [2, 3]. While these standards elevate safety to a primary
design constraint, they deliberately avoid prescribing specific control solutions. This
shifts responsibility to system designers, who must reconcile safety compliance
with interaction quality and usability. The core difficulty is therefore architectural:
ensuring certifiable and predictable behavior without undermining the responsiveness
and intuitiveness that motivate collaborative robotics in the first place.

Physical Human-Robot Interaction (pHRI) exemplifies this tension. Interaction
modes such as hand-guiding and lead-through programming promise intuitive robot
programming through direct physical guidance, but they also expose the limitations
of classical position- or velocity-controlled architectures, which are not designed to
interpret contact as a command channel [4]. Among compliant interaction strategies,
admittance control has emerged as a practical and widely adopted solution, allowing
robot motion to be generated in response to external forces through a virtual mass—
damper behavior [5]. However, fixed-parameter admittance control embeds a static
compromise between responsiveness and safety: parameters that ensure conservative
behavior degrade transparency, while parameters that favor intuitive interaction may
violate safety margins under adverse conditions [1]. This limitation motivates the
introduction of time-varying interaction dynamics.
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The need for adaptation becomes particularly evident under Power and Force
Limiting (PFL), which regulates interaction by bounding the mechanical energy
that can be transferred during contact [3]. Energy-based formulations reveal a
tight coupling between robot velocity and apparent mass, the latter being directly
influenced by control parameters such as the virtual inertia in admittance control [6].
Consequently, safety constraints cannot be treated as external supervisory conditions
but must be integrated into the control design itself. Adaptive interaction strategies
therefore require explicit consideration of stability and passivity, as time-varying
parameters may inject energy into the human-robot system.

A further foundational aspect highlighted in the introduction is the role of
dynamic modeling. Although interaction control is often formulated in task-space
abstractions, industrial manipulators are characterized by significant inertial, gravita-
tional, and frictional effects. Accurate dynamic parameter identification is essential
not only for improving control performance, but also for ensuring the physical mean-
ingfulness of energy-based safety metrics. Inaccurate models risk undermining both
interaction quality and safety guarantees, especially in contact-rich collaborative
scenarios.

Beyond physical interaction and safety, the introduction identifies usability as
a persistent barrier to the adoption of collaborative robotics. Programming and
configuring industrial robots remains an expert-driven process, limiting accessibility
for non-specialist operators [7]. While higher-level programming interfaces, including
natural language, offer promising avenues for reducing this burden, they raise funda-
mental challenges related to grounding abstract task descriptions into deterministic,
verifiable, and safety-compliant robot execution [8} 9].

Existing approaches typically address dynamic modeling, interaction control,
safety, and programming interfaces in isolation, or attempt to fuse them into mono-
lithic architectures that blur execution authority and weaken interpretability. In
contrast, this dissertation adopts a deliberately non-reductive perspective. Each
contribution is grounded in a specific interaction modality and safety paradigm, with
explicitly bounded assumptions and guarantees. In doing so, the thesis advances a
single coherent argument not through unification, but through architectural separa-
tion: safe and easy robot programming is achieved by lowering the abstraction barrier
at the human interface while preserving clear boundaries between intent specification,
execution authority, and safety enforcement. This perspective underpins all chapters
of the dissertation and frames human-robot collaboration as an architectural problem
rather than a search for a universal control framework.

Summary of Chapter 2: Literature Review

The literature review reconstructs the conceptual landscape in which the problem
of safe and intuitive robot programming has been addressed, adopting a problem-
driven rather than discipline-driven perspective. Instead of cataloguing individual
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techniques, the chapter analyzes how modeling, control, safety, and programming
have historically evolved along partially independent trajectories, and how this
fragmentation underlies many of the limitations observed in industrial Human—Robot
Collaboration (HRC).

The review begins by examining the transition from classical industrial au-
tomation to collaborative robotics. Traditional industrial paradigms emphasize
repeatability, precision, and strict human-robot separation, with programming per-
formed offline or through low-level interfaces |4]. As production systems demand
greater flexibility, programming effort has emerged as a central bottleneck, directly
affecting deployment cost and accessibility |1, 7]. Collaborative robotics reframes this
issue by allowing humans and robots to share workspaces and roles, but in doing so
fundamentally alters the notion of programming: in scenarios such as hand-guiding or
lead-through teaching, programming and execution become intertwined, and human
intent is conveyed through physical interaction rather than symbolic code. The
literature, however, often continues to treat programming interfaces, interaction
control, and safety supervision as loosely coupled elements, obscuring their intrinsic
interdependence in physical interaction-based programming.

Dynamic modeling and parameter identification are then reviewed as analytical
foundations for interaction and safety reasoning. While rigid-body dynamics and
parameter identification are well-established in robotics, their role in physical HRI
is sometimes downplayed because many compliant control strategies do not rely
directly on accurate models for stability [10]. The review clarifies that dynamic
models remain essential not as universal control prerequisites, but as reference frames
for interpreting interaction phenomena and computing safety-relevant quantities such
as apparent inertia, power, and kinetic energy |11, 12]. Inaccurate models can distort
these quantities, leading to overly conservative behavior or underestimated risk,
particularly in energy-based safety formulations. From a programming standpoint,
modeling supports the interpretability and repeatability of physically taught motions,
even when compliance is achieved through model-agnostic control.

The chapter then analyzes admittance control as a dominant framework for
physical HRI in industrial settings. Admittance control enables compliant behavior
without requiring torque-level actuation, making it compatible with position- and
velocity-controlled industrial robots [13]. Fixed-parameter admittance, however,
embeds an unavoidable trade-off between responsiveness and stability, which becomes
critical under variable human behavior and safety constraints. This limitation has
motivated a large body of work on adaptive and variable admittance strategies [14,
15]. The review highlights a key unresolved issue: admittance parameters directly
influence apparent mass and velocity response, and therefore the forces and energy
exchanged during contact. As a result, adaptation strategies designed purely for
interaction quality may inadvertently compromise safety if not explicitly coordinated
with safety reasoning.

Safety paradigms are examined next, with particular focus on Speed and Sepa-
ration Monitoring (SSM) and Power and Force Limiting (PFL). SSM enforces safety
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through distance-based velocity regulation and is well suited to collision avoidance,
but becomes increasingly conservative in close-proximity or intentional-contact sce-
narios [16]. PFL, by contrast, bounds the mechanical energy and forces exchanged
during contact, enabling closer and more natural collaboration [3]. The review em-
phasizes that PFL introduces a structural coupling between control design and safety
limits, since admissible velocities depend on apparent inertia, which is influenced
by interaction control parameters [6]. This coupling challenges layered architectures
that treat safety as an external supervisory function and motivates control strategies
that explicitly regulate energy exchange.

Energy- and passivity-based frameworks are then discussed as tools for managing
stability under time-varying interaction dynamics. Passivity provides robustness
to unpredictable human behavior by constraining energy injection into the coupled
system [17]. Energy tank mechanisms, in particular, enable stable adaptation
of interaction parameters by mediating energy flow [18]. While these frameworks
guarantee stability, the review clarifies that passivity alone does not ensure compliance
with safety thresholds, highlighting the need for explicit integration between safety
constraints and adaptation mechanisms.

Finally, the chapter reviews language-based robot programming as an emerging
cognitive interaction modality. Natural language interfaces promise to lower the
programming barrier by allowing users to specify tasks at a high level of abstraction
[8, [19]. Recent advances in large language models have amplified this potential,
but the literature consistently stresses their limitations: probabilistic outputs, lack
of determinism, and absence of intrinsic safety awareness |19} [20]. Consequently,
language-based programming is best understood not as a replacement for physical
interaction or control, but as a complementary modality that requires structured
execution, verification, and constraint enforcement to ensure safe deployment.

The synthesis of the literature identifies several persistent research gaps: the
lack of a coherent role for dynamic modeling in interaction-oriented systems; the
decoupling of adaptive admittance control from formal safety constraints; the insuf-
ficient integration between energy-based safety paradigms and control design; and
the absence of unified architectures that ground cognitive programming interfaces
in physically safe execution frameworks. These gaps motivate the thesis approach,
which treats modeling, control, safety, and interaction as tightly coupled components
of a single framework for safe and intuitive robot programming.

Summary of Chapter 3: Dynamic Modeling and
Parameter Identification

Chapter 3 establishes the analytical foundation on which the subsequent safety-
oriented interaction studies are interpreted, by developing and validating a dynamic
model of the industrial manipulator used throughout the thesis. The chapter is
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motivated by a tension that is often under-emphasized in interaction-oriented robotics:
while physical programming and compliant control deliberately abstract the robot as
an interaction port with shaped mass—damper behavior, the physical consequences of
that abstraction remain mediated by the robot’s true inertial, gravitational, frictional,
and transmission properties. In heavy-duty industrial manipulators (characterized by
substantial link masses, high payload capacity, reducer losses, and limited access to
low-level torque loops) these physical effects are not incidental; they condition torque
generation, energy exchange, and the interpretation of safety-relevant quantities
during interaction.

A core conceptual move of the chapter is therefore to delimit the role of modeling
in the dissertation architecture. Section explicitly rejects a common misread-
ing: the identified model is not a functional prerequisite for the admittance-based
interaction controllers developed later. Those controllers are designed to remain
robust and implementable under industrial constraints by relying on interaction-level
abstractions and measurable signals, with stability treated through energy-consistent
reasoning rather than through exact model cancellation. The identified dynamic
model serves instead two sharply defined purposes: (i) it can support low-level
torque feedforward compensation where the industrial control stack permits such a
channel, reducing the burden on decentralized feedback loops without rearchitecting
the controller; and (ii) it provides an offline, physically interpretable reference for
computing and discussing safety- and interaction-related quantities (e.g., joint-space
kinetic energy and configuration-dependent apparent inertia) without collapsing
those analyses into purely qualitative claims.

The chapter then formulates the manipulator dynamics using the standard
rigid-body joint-space model 7 = B(q)g + C(q,q)q + g(q) + 7(q), with friction
represented via viscous and Coulomb components. For identification, the dynamics
are expressed in a linear regression form 7 = Y(q, g, ¢)7, constructed via a Newton—
Euler formulation to preserve computational efficiency and to accommodate industrial
manipulator features [4]. The chapter emphasizes the methodological significance
of linear parameterization: it enables principled estimation, identifiability analysis,
and the construction of a minimum parameter set in the presence of structural
dependencies that make the full parameter vector rank-deficient.

Building on this formulation, the identification procedure is presented as a struc-
tured two-stage workflow (static then dynamic) aligned with established practice
and closely grounded in [21]. In the static phase, quasi-static configurations isolate
gravity-dominated torques to estimate mass and center-of-mass related parameters
with reduced coupling. In the dynamic phase, excitation trajectories spanning dif-
ferent velocity and acceleration regimes target inertial, motor, and friction-related
parameters. The stacked regression is reduced to a minimal identifiable form and
solved via least squares, followed by a refinement step through constrained optimiza-
tion to enforce physical consistency (e.g., positivity of masses and inertia tensor
validity). This sequencing is not merely procedural: it operationalizes the chapter’s
broader goal of producing a model that is interpretable and usable as an analytical
reference, rather than a numerically convenient but physically questionable fit.
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A distinctive contribution of the chapter lies in its treatment of the experimental
platform as an industrial mechanism, not an ideal serial chain. The experimental
setup is described with attention to features that materially affect torque balance and
identifiability: load-compensation springs whose elongation depends on joint motion,
mechanical couplings between joint pairs, reducer efficiencies and no-load losses that
differ across joint groups, and base misalignment effects that can introduce gravita-
tional components on joints that would otherwise appear unloaded. By explicitly
acknowledging and incorporating these elements into the identification framework,
the chapter guards against a common failure mode in industrial identification work:
attributing systematic transmission or elastic effects to inertial parameters, thereby
producing a model that may fit data locally but misrepresents the robot’s physical
structure.

Validation is performed by comparing measured joint torques against torques
reconstructed from the identified model on trajectories not used for estimation,
reporting both quantitative error metrics (e.g., per-joint RMSE) and time-domain
comparisons that reveal regime-dependent residual structure. The chapter interprets
residual errors as consistent with the unavoidable simplifications of rigid-body and
friction modeling in the presence of couplings, elastic compensation, and reducer
losses. Crucially, this interpretation is used to reinforce the chapter’s architectural
stance: the goal is not perfect torque prediction under all operating conditions,
but a physically grounded approximation that captures dominant contributions and
supports meaningful reasoning about safety margins and interaction energetics.

The chapter closes by translating modeling outcomes into thesis-level impli-
cations. The validated model enables computation of energy- and inertia-related
quantities used later to interpret experiments and to discuss PFL-oriented constraints,
while the enforcement of safety in subsequent chapters remains deliberately model-
light to preserve robustness under modeling uncertainty and industrial variability.
In this way, Chapter 3 performs a precise intellectual job within the dissertation:
it provides the physical reference frame that makes later claims about “energy,”
“apparent mass,” and “safety margins” analytically accountable, without turning the
entire interaction-control architecture into a model-dependent edifice.

Summary of Chapter 4: Distance-Aware
Lead-Through Programming on Industrial Robots

Chapter 4 addresses the problem of enabling safe and intuitive lead-through program-
ming on a standard industrial manipulator operating outside the assumptions of
collaborative robotics. The chapter is explicitly situated in a non-collaborative indus-
trial context, where sustained physical contact cannot be assumed to be intrinsically
safe and where interaction control must coexist with proprietary low-level controllers
and safety-certified subsystems. Within this setting, the central challenge is not the
feasibility of physical guidance itself, but the design of an interaction architecture

22



that preserves usability while discouraging unsafe proximity through continuous,
non-disruptive safety supervision.

Conceptually, the chapter builds directly on the modeling foundations established
in Chapter 3, while preserving a strict architectural separation between modeling,
interaction control, and safety supervision. The identified dynamic model is delib-
erately not embedded in the admittance control law. Instead, it is employed in a
narrowly defined and defensible role: supporting the computation and interpreta-
tion of physically meaningful safety-related quantities (such as equivalent mass and
relative kinetic energy) and, optionally, improving motion tracking quality through
feedforward compensation within the robot-side control stack. This choice reflects a
core thesis-level stance: interaction control for industrial lead-through programming
should remain robust to modeling uncertainty and compatible with closed industrial
control architectures, while still benefiting from physically grounded analysis.

The chapter reframes lead-through programming as an interaction-driven tra-
jectory generation problem. Human-applied wrenches are interpreted in real time as
motion intent through a Cartesian admittance controller, which generates smooth
motion references tracked by the robot’s internal controller. Admittance control
is adopted not only for its suitability to industrial position-controlled robots, but
also for the conceptual separation it enables between interaction interpretation and
motion execution. This separation is crucial in industrial environments, where direct
torque control is unavailable and safety-certified control layers cannot be modified.

The core contribution of the chapter lies in the integration of distance-aware
safety supervision into the interaction dynamics themselves. Rather than enforcing
safety through discrete actions such as velocity clamping or emergency stops, the
proposed architecture embeds supervision into the interaction layer by continuously
adapting the admittance parameters. As unintended human-robot proximity in-
creases, the apparent inertia and damping of the admittance model are progressively
reshaped, reducing the robot’s responsiveness to human-applied forces while preserv-
ing continuity of motion and the semantics of physical guidance. This design choice
directly addresses a key usability concern: abrupt safety actions near proximity limits
can degrade interaction quality and elicit compensatory operator behavior that is
counterproductive from a safety standpoint.

Safety supervision is grounded in a single, physically interpretable constraint
based on relative kinetic energy, whose influence is modulated by geometric distance.
Distance is not treated as an independent or competing constraint, but as a contextual
variable that regulates the severity of motion-related risk as proximity decreases.
The kinetic-energy metric is evaluated along the closest-point direction between
the robot and non-interacting parts of the human body, using a selective geometric
abstraction that explicitly excludes intentional contact at the hand-guiding interface.
This distinction between intended and unintended contact is essential to reconcile
distance-aware supervision with the realities of lead-through programming.

To ensure stability under time-varying interaction dynamics, the chapter in-
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troduces an energy-tank mechanism that preserves passivity of the admittance
mapping despite online parameter adaptation. The energy tank acts as a passivity
supervisor that mediates between safety-driven parameter requests and the actual
applied parameters, ensuring energetic consistency without introducing collision
or injury guarantees. Importantly, the energy-tank framework is positioned as a
stability-preserving mechanism rather than as a safety standard in itself, reinforc-
ing the chapter’s careful separation between interaction stability and formal safety
compliance.

The perception system is treated as an independent provider of geometric
information rather than as a decision-making component. Vision-based human
state estimation supplies conservative geometric abstractions of the human and
robot, pairwise distances, and closest-point directions through a clearly defined
interface. All safety logic, constraint evaluation, and parameter adaptation are
implemented deterministically within the supervision layer, preserving inspectability
and modularity.

Experimental validation on a real industrial platform demonstrates that the
proposed framework yields smooth, bounded adaptation of admittance parameters
in response to proximity and motion intensity. The results show that distance
modulation activates energy-based supervision progressively, avoiding abrupt behavior
changes while effectively attenuating robot responsiveness in critical conditions. From
the operator’s perspective, this manifests as a gradual increase in resistance rather
than as disruptive motion inhibition, confirming the viability of the approach as a
programming modality.

The chapter concludes by explicitly delineating the scope and limitations of
the proposed paradigm. The framework does not claim ISO-certified Speed and
Separation Monitoring compliance, nor does it implement Power and Force Limiting
or injury-based safety guarantees. Its safety claim is architectural and conditional:
given conservative geometric modeling and reliable perception, interaction dynamics
are shaped to discourage unsafe proximity without relying on contact-based safety
assumptions. This positioning is deliberate and sets the stage for the next chap-
ter, which moves beyond distance-aware supervision toward energy-based safety
paradigms suitable for collaborative and contact-rich human-robot interaction.

Summary of Chapter 5: Energy-Based Variable
Admittance Control for Collaborative Robotics

This chapter addresses safety in physical human-robot interaction under a Power
and Force Limiting (PFL) paradigm, marking a deliberate conceptual shift from
the distance-modulated supervision adopted in Chapter 4. While the previous
chapter treated safety as an external constraint acting on motion in non-collaborative
industrial settings, here safety is reformulated as an intrinsic energetic feasibility
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condition that must be satisfied during intentional physical contact, in accordance
with ISO/TS 15066.

The chapter establishes an energy-based interpretation of PFL by expressing
safety as a bound on the transferred kinetic energy during potential human-robot
contact. This formulation reveals that feasibility depends jointly on the relative
closing velocity and on the robot’s apparent mass along the interaction direction.
Under Cartesian admittance control, both quantities are directly shaped by the
admittance parameters, making inertia and damping safety-critical design variables
rather than mere interaction-tuning parameters.

Building on this observation, the chapter explicitly exposes the coupling between
admittance inertia, apparent mass, damping, and velocity evolution. This coupling
motivates the use of adaptive admittance strategies that regulate safety by reshaping
interaction dynamics, rather than by imposing external velocity limits or stopping
actions. Passivity preservation under time-varying admittance is guaranteed through
the energy-tank mechanism introduced in Chapter 4, which is retained unchanged
and acts as an architectural supervisor separating energetic consistency from safety
enforcement.

Two distinct PFL-oriented admittance adaptation strategies are developed and
analyzed. The first is an algorithmic approach based on a two-mode logic: a nominal
mode that smoothly co-adapts inertia and damping while preserving a fixed ratio to
maintain interaction consistency, and a safe-correction mode that injects damping
in a targeted and anticipatory manner when the PFL feasibility residual becomes
positive. This strategy emphasizes determinism, interpretability, and rapid recovery
at the cost of short-lived interaction discontinuities.

The second strategy replaces rule-based switching with an optimization-based
formulation. Here, inertia and damping rates are treated as coupled decision variables
selected at each control cycle by solving a constrained optimization problem. Safety
feasibility, parameter bounds, rate limits, and passivity-aware inertia variation are
enforced as constraints, while interaction comfort and smoothness are encoded in the
objective function. A soft-constraint variant allows graceful degradation when strict
feasibility cannot be achieved instantaneously, avoiding discrete corrective actions.

Experimental validation on a collaborative manipulator demonstrates that both
strategies successfully regulate the PFL feasibility residual while preserving passivity.
The algorithmic approach yields fast and predictable feasibility restoration but
introduces perceptible impedance discontinuities during corrective phases. The
optimization-based approach produces smoother and more homogeneous interaction
behavior by continuously trading off apparent mass reduction and dissipation, at the
expense of increased computational complexity and tuning effort.

Overall, the chapter shows that PFL-compliant safety can be embedded directly
into admittance-controlled interaction through energy-based reasoning, without rely-
ing on external motion scaling or stopping mechanisms. The comparative analysis
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highlights a fundamental design trade-off between reactivity and continuity, position-
ing the two strategies as complementary solutions for different collaborative robotics
scenarios.

Summary of Chapter 6: Artificial Intelligence for
Intuitive Robot Programming

This chapter addresses the cognitive bottleneck of robot programming by introducing
large language models (LLMs) as high-level programming interfaces, explicitly decou-
pled from control, execution, and safety. While previous chapters focused on physical
interaction and safety-aware control, the contribution here targets a complementary
dimension: reducing the conceptual and cognitive effort required to specify robot
tasks, especially in flexible and collaborative settings.

The chapter starts from the observation that the primary obstacle to widespread
robot adoption is not control capability but intent misalignment: humans naturally
describe tasks at a semantic level, whereas robots require precise, low-level speci-
fications. Traditional programming paradigms impose a steep learning curve and
remain inaccessible to non-experts, even when physical interaction or demonstration
is available. In this context, LLMs are positioned not as decision-makers or con-
trollers, but as semantic translators that convert natural language into structured
task descriptions.

A central design principle of the chapter is the strict scoping of the LLM’s
authority. Language models are confined to producing symbolic task plans expressed
in a predefined JSON schema. They have no access to robot state, sensors, control
parameters, or safety logic, and they cannot synthesize new skills or executable
code. All execution authority is retained by a deterministic Behavior Core, imple-
mented within a modular ROS2 architecture. This separation preserves determinism,
traceability, and verifiability while mitigating the risks associated with probabilistic
language generation and hallucination.

The chapter formalizes this architecture by introducing a clear module de-
composition: perception, language interface, Behavior Core, and robot interface.
Open-vocabulary perception enables flexible object references, while execution re-
mains constrained to a closed set of primitive skills. The Behavior Core validates
language-generated plans, manages symbolic state, evaluates triggers, and dispatches
primitives in discrete perception—execution cycles. As a result, every executed motion
can be traced to a specific plan element and deterministic decision, independent of
the internal workings of the language model.

Semantic grounding is achieved through a structured task-plan schema that sup-
ports initialization actions, cyclic behaviors, trigger conditions, and bounded symbolic
data flow. This representation enables expressive behaviors such as palletization and
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sorting while forbidding arbitrary computation or direct control synthesis. Validation
contracts ensure primitive closure, reference integrity, and restricted trigger logic,
containing failures at the interface level rather than at execution.

Experimental demonstrations show that users can specify tasks such as palletizing
or sorting objects using unconstrained natural language, with the system translating
these instructions into executable behaviors as long as they lie within the available
primitive set. The experiments are intentionally qualitative, emphasizing cognitive
accessibility, execution transparency, and graceful failure over performance metrics
or safety guarantees.

The chapter concludes with a critical discussion of limitations and explicit non-
claims. The proposed framework does not address physical safety, does not provide
autonomy or learning capabilities, and does not claim robustness to adversarial inputs
or suitability for safety-critical environments. Its contribution lies in showing that
LLMs can be integrated into robotic systems in a conservative and architecturally
disciplined manner, serving as programming interfaces that lower cognitive barriers
while preserving deterministic execution and clear responsibility boundaries.

Overall, this chapter positions language-based programming as an additional
interaction modality (orthogonal to physical interaction and safety-aware control)
aimed at improving usability and expressiveness without overextending the role of
AT in robotic systems.

Summary of Chapter 7: Results, Discussion, and
Synthesis

Chapter 7 provides the integrative synthesis that the earlier chapters intentionally
avoided. Rather than presenting the dissertation as a linear progression from
classical robotics to “Al robotics,” the chapter argues that the thesis is unified by a
consistent discipline of claims and guarantees: each programming modality makes
robot programming easier, but each does so by placing a different kind of boundary
on what is allowed and what can be asserted as safe.

Core unifying claim. The dissertation is not unified by a single reusable algorithm,
but by a repeated architectural stance: keep the human-facing interface expressive
(physical guidance or language), while keeping the execution authority bounded
and auditable. Across modalities, the chapter defends the idea that “safe and easy
programming” is not one predicate; it is a family of modality-specific guarantees
that must be stated without rhetorical inflation.
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Summary of outcomes without false aggregation. The chapter first consoli-
dates experimental outcomes, emphasizing that each modality is evaluated by metrics
intrinsic to its own safety logic. Dynamic identification is validated through torque
reconstruction; industrial lead-through through distance-informed supervision and
constraint activations; collaborative PFL through satisfaction of an energy-residual
inequality; and LLM-mediated programming through plan admissibility and deter-
ministic executability. The chapter explicitly rejects the temptation to compress
these into a single scalar score, and instead summarizes outcomes as validated claims
tied to observable evidence, captured in a modality-agnostic table of “observed
property vs. validation artifact.”

Comparative analysis along shared axes. To avoid “apples vs. oranges” ob-
jections, the chapter compares modalities along four shared axes: (i) where intent
enters the system (physical guidance vs. language), (ii) what is bounded (distance-
modulated behavior vs. transferred energy vs. action-space closure), (iii) what the
system assumes (sensing and projections vs. PFL tables and residuals vs. schemas
and trigger languages), and (iv) dominant failure modes (sensing uncertainty and
unmodeled effects vs. real-time feasibility and residual conservatism vs. semantic
miscompilation and perception mismatch). A comparative matrix makes explicit
that each modality has a different core guarantee and, equally important, different
explicit non-claims (e.g., “SSM-inspired but not ISO-certified,” “PFL reasoning
under modeling assumptions,” “deterministic execution but not physical safety
certification”).

What “safe and easy programming” means here. A key conceptual contri-
bution of the chapter is to clarify that “safe” is polysemous across the thesis. In
physical-interaction modalities, safety is tied to continuous-time physically grounded
quantities (separation margins, transferred energy). In the language modality, “safe-
ish” refers to command admissibility and execution structure: the LLM is prevented
from expanding the robot’s action repertoire, and execution is mediated by a deter-
ministic executive. The chapter argues that the thesis remains coherent only if this
multiplicity is made explicit rather than collapsed into a single safety narrative.

Contributions as a design methodology. The chapter then reframes the disser-
tation’s contributions as methodological rather than as isolated algorithmic novelties.
Three contributions are stated.

First, the identification work contributes a structured static-dynamic separation
that improves interpretability and validation, positioning the model as an epis-
temic instrument for explanation and diagnostics rather than as a hidden control
dependency.

Second, the variable-admittance work contributes an energy-consistent view of
adaptation: time-varying admittance is treated as a safety-relevant degree of freedom
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because inertia shapes apparent mass and therefore impacts admissible interaction
energy; algorithmic and optimization-based adaptations operationalize this coupling
while remaining constrained by passivity-preserving supervision.

Third, the LLM programming work contributes a bounded-autonomy architec-
ture in which the LLM is demoted to a constrained plan generator and a deterministic
Behavior Core enforces checkable correctness properties (schema validity, primitive
closure, typed parameters, reference integrity, restricted triggers). The contribution
is not “LLMs control robots,” but “LLMs can enable intuitive programming if
execution boundaries are deterministic and enforceable.”

Limitations and lessons learned. Finally, the chapter states limitations as
boundary conditions on generalization. Distance-based supervision is only as cred-
ible as sensing fidelity and geometry abstractions, risking either unsafe optimism
or unusable conservatism. PFL reasoning is powerful but assumption-dependent
(equivalent human mass, stiffness, contact parameters, projection direction), so it
should be treated as structured conservatism rather than universal truth. LLM
“safe-ish” programming constrains what can be commanded, but does not certify
how safely actions unfold, and schema-valid plans can still be semantically wrong
under perception uncertainty or underspecified intent. The overarching lesson is that
credible progress comes from strengthening explicit boundaries and failure handling,
not from collapsing modalities into a single, overclaimed autonomy narrative.

Summary of Chapter 8: Conclusions and Future
Outlook

Chapter 8 concludes the dissertation by consolidating its intellectual stance and
situating its contributions within both industrial practice and future research trajec-
tories. Rather than claiming a unified control framework or a single notion of safety,
the chapter reiterates and defends the dissertation’s central design doctrine: robot
programming can be made substantially easier for humans only if safety gquarantees
are made explicit, bounded, and modality-specific. The coherence of the thesis lies
not in algorithmic uniformity, but in architectural discipline and epistemic restraint.

A non-reductive synthesis of programming modalities. The chapter em-
phasizes that the three programming modalities developed throughout the disser-
tation—industrial lead-through programming, collaborative physical interaction
under PFL, and language-based programming via LLMs—are deliberately non-
interchangeable. Fach modality addresses the same overarching problem (ease of
programming under safety constraints), but does so by bounding a different quantity
that is appropriate to its interaction channel. This pluralism is not a weakness but a
necessary response to the heterogeneous nature of human-robot interaction contexts.
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Ease through abstraction, safety through explicit bounds. Across all modal-
ities, ease of programming is achieved by lowering the abstraction level at which
humans specify intent: physical guidance replaces explicit trajectory specification;
compliant interaction replaces rigid motion commands; natural language replaces
formal robot programming constructs. Safety, however, is never delegated to the
interface itself. Instead, it is preserved by bounding a clearly defined quantity
(distance-modulated energetic behavior in industrial lead-through, transferred energy
in collaborative PFL interaction, and structural admissibility in language-based
programming) and by enforcing these bounds through architectures that separate
intent specification from execution authority.

Industrial lead-through: conservative supervision, not collaborative safety.
In the industrial case, the chapter reiterates that intuitive hand-guiding of non-
collaborative robots becomes viable when variable admittance control is coupled with
distance-aware supervision and passivity-inspired energy consistency. Crucially, the
safety claim is framed negatively as well as positively: the system is SSM-inspired
but not SSM-certified, and it does not rely on force or power limitation. The dynamic
model identified earlier in the thesis is reaffirmed as an analytical and interpretive
tool, not as a hidden control dependency.

Collaborative interaction: safety indexed to energy, not modeling precision.
For collaborative robots operating under PFL assumptions, the conclusion stresses
that safety is formulated and validated in energetic terms. Variable admittance
becomes a safety-relevant degree of freedom because it shapes apparent mass and
admissible velocities under fixed energy limits. Energy tanks and residual-based
constraints provide a principled way to regulate adaptation without equating safety
with exact dynamic inversion. The chapter highlights that this framing deliberately
prioritizes bounded energy exchange over model accuracy.

Language-based programming: structural safety without physical claims.
The language-based modality is explicitly positioned outside the physical safety
paradigms of ISO standards. Its contribution lies in demonstrating that natural-
language programming can coexist with deterministic, auditable execution when
LLMs are confined to semantic translation roles. The system is described as “safe-ish”
only in the structural sense: bounded action spaces, schema validation, admissible
trigger logic, and a deterministic behavior core prevent the LLM from issuing
arbitrary or unsafe commands. The chapter explicitly rejects attributing physical
safety properties to language models themselves.

Industrial implications: architecture over interfaces. From an industrial
standpoint, the chapter argues that human-centered automation is fundamentally
an architectural challenge. The practical value of the dissertation lies in showing
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that intuitive programming interfaces can be integrated into existing robotic systems
without undermining safety, provided that responsibility boundaries are explicit and
enforceable. Transparency about non-claims—what the system does not guarantee—is
presented as a prerequisite for trust, certification, and responsible deployment.

Future research framed by restraint. Finally, the chapter outlines future
research directions that extend the presented work without collapsing its carefully
maintained separations. Predictive safety reasoning, richer runtime monitoring for
language-based execution, and the use of digital twins as validation instruments
are identified as promising avenues. Importantly, these directions are framed as
extensions of the existing paradigms, not as attempts to merge them into a single,
ambiguous notion of safety.

Closing stance. The concluding message of Chapter 8 is methodological rather
than technological. Safe and easy robot programming, the chapter argues, is achieved
not by increasing autonomy or intelligence indiscriminately, but by bounding inter-
action channels, separating concerns, and making safety claims commensurate with
what the system can actually guarantee. In this sense, the dissertation offers both
concrete technical contributions and a disciplined design philosophy that can guide
future research and industrial practice.
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Chapter 1

Introduction

Industrial robotics is undergoing a profound transformation, driven by the increasing
demand for flexibility, adaptability, and closer integration between human operators
and automated systems [1]. Traditional automation paradigms, which rely on rigid
task execution and strict spatial separation between humans and robots, are progres-
sively giving way to collaborative models in which robots are expected to operate
safely and effectively in shared workspaces. This shift is not merely technological, but
conceptual: it requires rethinking how robots are modeled, controlled, programmed,
and certified for interaction with humans.

The emergence of Human—Robot Collaboration (HRC) as a recognized indus-
trial paradigm has been accompanied by the formalization of international safety
standards, most notably ISO 10218 and ISO/TS 15066, which define admissible
modes of collaboration and quantify acceptable limits for speed, force, and energy
during interaction [2, 3]. These standards establish safety as a first-class design
constraint, but they do not prescribe how control architectures should be structured
to satisfy such constraints while preserving performance and usability. As a result,
the responsibility for reconciling safety, efficiency, and interaction quality is largely
delegated to control and system-level design.

Within this context, physical Human—Robot Interaction (pHRI) represents both
a critical opportunity and a significant challenge. Tasks such as hand-guiding, lead-
through programming, and cooperative manipulation promise to make industrial
robots more accessible and intuitive, but they also expose the limitations of con-
ventional control strategies when confronted with direct human contact. Survey
works in robotics and HRC emphasize that achieving safe and effective interaction
requires a tight integration of dynamic modelling, compliant control, perception, and
real-time adaptation |1} |4} [7].

This thesis is positioned within this evolving landscape and addresses the
problem of enabling safe, adaptive, and intuitive human-robot collaboration in
industrial robotics. Rather than treating modeling, control, safety, and interaction
as independent layers, the thesis adopts a progressive and integrated perspective, in
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which each stage builds upon the previous one. The chapter introduces the research
context, articulates the limitations of existing approaches, and defines the objectives
and methodological trajectory that guide the dissertation.

The remainder of this chapter is structured as follows. Section 1.1 introduces
the broader research context and motivation, situating the work within current
developments in industrial robotics and HRC. Section 1.2 formulates the problem
statement by identifying the conceptual and technical gaps that motivate the proposed
research. Section 1.3 presents the research objectives and guiding questions, while
Section 1.4 outlines the methodological approach adopted throughout the thesis.
Finally, Section 1.5 provides an overview of the thesis structure and the logical
progression of its contributions.

1.1 Research Context and Motivation

Building on the transition from rigid industrial automation to collaborative paradigms
outlined at the beginning of this chapter, this section focuses on the control and
interaction implications of Human—Robot Collaboration. In particular, it highlights
how these paradigms challenge conventional modelling and control assumptions in
industrial robotics.

Human—-Robot Collaboration (HRC) has emerged as a central paradigm aimed
at overcoming these limitations by enabling humans and robots to work together
within shared workspaces. HRC seeks to combine complementary capabilities: human
adaptability, perception, and decision-making on the one hand, and robotic strength,
repeatability, and endurance on the other. Comprehensive surveys highlight that
achieving effective collaboration requires not only advances in mechanical design and
perception, but also fundamental changes in control architectures and interaction
strategies [1}, |7].

The transition from isolated automation to collaborative operation is accompa-
nied by the formalization of international safety standards. These standards introduce
admissible collaborative modes, including Speed and Separation Monitoring (SSM)
and Power and Force Limiting (PFL), and specify quantitative limits on speed,
force, pressure, and energy during interaction |2, [3]. While these standards establish
essential safety requirements, they deliberately avoid prescribing specific control
solutions. As a consequence, ensuring both safety compliance and acceptable task
performance becomes a system-level responsibility that must be addressed through
appropriate modeling, control, and supervision strategies.

Physical Human-Robot Interaction (pHRI) represents one of the most challeng-
ing and impactful manifestations of HRC. In pHRI scenarios, such as hand-guiding,
lead-through programming, and cooperative manipulation, humans and robots ex-
change forces directly, and the robot motion is shaped by physical interaction rather
than by predefined references. These interaction modes promise to significantly reduce
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the programming burden and increase accessibility for non-expert users. However,
they also expose the intrinsic limitations of classical position- or velocity-controlled
robots when confronted with direct human contact, uncertainty, and variability in
operator behavior [4].

Admittance control has become a widely adopted framework for pHRI, as it
allows the robot to generate motion in response to externally applied forces by
emulating a virtual mass-damper system [5]. By appropriately tuning inertia and
damping parameters, admittance control enables compliant and intuitive interaction
while maintaining stability. Nevertheless, extensive literature points out that fixed-
parameter admittance control is insufficient in realistic collaborative scenarios, where
interaction conditions, human intent, and safety margins vary continuously over time
[1]. In particular, static parameter choices force a trade-off between responsiveness
and safety that cannot be resolved satisfactorily across all operating conditions.

A critical aspect often underlined in the literature is that the effectiveness of
compliant interaction strategies is influenced by the accuracy of the underlying robot
dynamic model. Precise knowledge of inertial properties, friction, and gravity effects
plays a key role in certain control architectures and in the estimation of physically
meaningful quantities such as apparent mass and kinetic energy, which play a central
role in safety assessment. Inaccurate dynamic modeling can therefore undermine both
interaction quality and safety guarantees, especially in energy-based formulations of
collaborative control. This dependency motivates treating dynamic modeling as a
foundational element rather than a secondary implementation detail.

As collaborative scenarios become more contact-rich, distance-based safety
supervision alone becomes increasingly conservative or insufficient. In this context,
Power and Force Limiting (PFL) emerges as a particularly relevant safety paradigm,
as it regulates interaction by bounding the mechanical energy that can be transferred
during contact [3]. Energy-based safety formulations naturally couple robot velocity
and apparent mass, revealing a direct link between control parameters and admissible
interaction dynamics [6]. This coupling motivates control strategies that explicitly
adapt interaction dynamics in response to safety constraints, rather than enforcing
fixed limits or binary mode switches.

Beyond physical interaction and safety, a further barrier to the widespread
adoption of collaborative robotics lies in the cognitive accessibility of robot pro-
gramming. Even when compliant and safety-aware control strategies are available,
programming and configuring industrial robotic systems remains a complex task that
requires expert knowledge and detailed understanding of robot behavior. Surveys in
robotics and intelligent systems highlight that this usability gap represents a signifi-
cant obstacle to the deployment of collaborative robots, particularly in small and
medium-sized enterprises [7]. At the same time, attempts to introduce higher-level
and more intuitive programming interfaces raise fundamental challenges related to
the grounding of abstract task descriptions in physical robot execution. Ensuring
that high-level commands remain interpretable, deterministic, and compatible with
safety constraints imposed by physical interaction and industrial standards remains

35



an open problem in human-robot collaboration [8, |9].

Taken together, these considerations motivate a research direction centered on
safe and intuitive robot programming, in which physical interaction and cognitive
interfaces represent complementary programming modalities with different safety
guarantees. This thesis is situated within this perspective and aims to contribute to
the development of industrial robots that are not only safe and efficient, but also
adaptive, transparent, and accessible to human operators.

1.2 Problem Statement

Despite significant advances in collaborative robotics, enabling safe, efficient, and
intuitive human-robot interaction in industrial environments remains an open and
multifaceted problem. Existing approaches address individual aspects of collaboration
(such as safety certification, compliant control, or intuitive programming) but often
fail to provide an integrated solution capable of reconciling these requirements
simultaneously.

A first fundamental limitation concerns the rigidity of classical industrial control
architectures. Traditional robot controllers are designed around position or velocity
tracking with limited adaptability, implicitly assuming a predictable environment
and minimal human interference. While such architectures can be augmented with
external safety systems, they remain ill-suited for scenarios involving direct physical
interaction, where robot behavior must continuously adapt to human intent, motion,
and proximity [4]. As a result, safety is frequently enforced through conservative
overrides (such as emergency stops or aggressive speed reductions) that interrupt
task execution and degrade interaction quality.

Despite their widespread adoption in physical Human—Robot Interaction,
admittance-based control strategies in industrial settings remain predominantly
static or heuristically tuned. This static configuration forces an inherent trade-off:
parameters chosen to ensure safety and stability tend to reduce responsiveness and
transparency, whereas parameters optimized for ease of interaction may violate safety
margins under adverse conditions [1]. The literature lacks a principled framework
for resolving this trade-off dynamically and continuously during interaction.

A second critical issue arises from the relationship between control design and
safety assessment. In practice, safety supervision is often implemented through
distance-based monitoring or binary mode switching, particularly in Speed and
Separation Monitoring (SSM). While effective for collision avoidance, these approaches
become increasingly conservative as human-robot distance decreases and are poorly
suited for intentional contact or hand-guiding tasks.

Energy-based safety paradigms, such as Power and Force Limiting (PFL),
offer a more natural framework for close collaboration by bounding the mechanical
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energy exchanged during interaction. However, PFL formulations reveal a tight
coupling between robot velocity and apparent mass, which is directly influenced by
control parameters such as the desired inertia in admittance control. This coupling
exposes a structural limitation of existing methods: safety constraints and interaction
dynamics are often treated as independent layers, even though they are physically
interdependent [3]. Without explicit coordination, safety enforcement may lead to
overly restrictive behavior or unstable interaction.

The problem is further compounded by uncertainties in robot dynamic modeling.
Accurate estimation of inertial parameters, friction, and gravity effects is essential
for reliable control and for computing physically meaningful safety metrics. Yet, in
many industrial applications, dynamic models are either unavailable or insufficiently
accurate, leading to discrepancies between predicted and actual interaction behavior.
These discrepancies can undermine the effectiveness of certain compliant control
strategies and the reliability of energy-based safety reasoning, particularly in scenarios
where safety margins are tight.

Beyond physical interaction and safety, a further unresolved challenge concerns
the usability of industrial robotic systems. Even when compliant and safety-aware
control strategies are available, programming and configuring robots remains a
complex and expert-driven process. This usability gap is widely recognized as a
major barrier to the adoption of collaborative robotics, particularly in industrial
contexts that require frequent reconfiguration or involve non-expert operators [7].
Efforts to address this gap through higher-level programming abstractions introduce
additional challenges rather than resolving them outright. In particular, translating
abstract task descriptions into executable robot behaviors requires mechanisms
that guarantee determinism, verifiability, and compatibility with physical safety
constraints. In such contexts, safety is often ensured through structured execution
and constraint enforcement rather than through formal compliance with industrial
safety standards.

Taken together, these limitations reveal a core unresolved problem: current
industrial robotic systems lack a unified framework that integrates accurate dynamic
modeling, adaptive and safety-aware interaction control, and intuitive human-centered
programming. Existing solutions tend to address these aspects in isolation, resulting
in fragmented architectures that either sacrifice performance for safety, usability for
rigor, or adaptability for predictability. Addressing this problem requires a systematic
approach that treats modeling, control, safety, and interaction not as independent
modules, but as tightly coupled components of a coherent human-robot collaboration
paradigm.

1.3 Research Objectives and Questions

The overarching objective of this thesis is to develop a coherent framework for safe,
adaptive, and intuitive human-robot collaboration in industrial robotics. In response
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to the limitations identified in Section [I.2] the thesis does not address modeling,
control, safety, and interaction in isolation, but rather investigates how these elements
can be systematically integrated into a unified architecture that supports physical
human-robot interaction while preserving industrial reliability and safety compliance.

To achieve this overarching goal, the research is structured around a set of specific
objectives, each addressing a distinct yet interconnected aspect of the problem.

Objective 1: Dynamic modeling and parameter identification
to support low-level compensation, physical interpretation
of interaction phenomena, and validation of safety-oriented
metrics

The first objective is to obtain accurate dynamic models of an industrial six-degree-
of-freedom manipulator through systematic parameter identification. This objective
addresses the need for reliable estimation of inertial, frictional, and gravity-related
effects. The thesis seeks to reduce the uncertainty that undermines compliant
interaction and safety assessment in industrial settings.

Objective 2: Adaptive Admittance Control for Safe Physical
Interaction

The second objective is to design and validate an adaptive admittance control
strategy that enables safe and intuitive hand-guiding and lead-through programming.
This objective responds to the limitations of fixed-parameter admittance control by
introducing real-time adaptation of interaction dynamics in response to human-
applied forces and safety-related metrics. The aim is to achieve a continuous
compromise between responsiveness, stability, and safety, rather than relying on
conservative static tuning or discrete mode switching.

Objective 3: Energy-Based Safety Integration in Collaborative
Scenarios

The third objective is to extend adaptive admittance control to collaborative scenarios
characterized by close proximity and intentional contact, where distance-based
safety supervision is insufficient. This objective focuses on integrating energy-based
safety constraints derived from Power and Force Limiting principles into the control
architecture. By explicitly regulating interaction dynamics to bound kinetic energy
and power transfer, the thesis aims to reconcile safety compliance with effective task
execution in contact-rich human-robot collaboration.
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Objective 4: Optimization-Based Adaptation under Safety
Constraints

The fourth objective is to formalize the adaptation of interaction parameters as a
constrained optimization problem. This objective addresses the limitations of purely
heuristic or algorithmic adaptation strategies by providing a principled mechanism
to balance performance, stability, and safety requirements. By embedding safety
constraints directly into the control optimization process, the thesis seeks to ensure
predictable and verifiable behavior under varying interaction conditions.

Objective 5: Intuitive Robot Programming through Cognitive
Interfaces

The fifth objective is to investigate the integration of cognitive interaction mechanisms
for intuitive robot programming. Specifically, this objective explores how high-level
task descriptions expressed in natural language can be translated into executable
robot behaviors through a structured and safety-aware interface. The goal is to
reduce the programming burden for human operators while preserving determinism
and consistency with the underlying control and safety architecture.

Building upon these objectives, the thesis is guided by the following research
questions:

e RQ1: How accurately can the dynamic parameters of an industrial manipulator
be identified in a way that is suitable for both interaction control and energy-
based safety assessment?

e RQ2: How can admittance control parameters be adapted online to balance
transparency, stability, and safety during physical human-robot interaction?

e RQ3: How can energy-based safety constraints derived from Power and Force
Limiting principles be integrated into adaptive interaction control without
excessively degrading task performance?

e RQ4: How can safety and interaction requirements be formulated as explicit
constraints within an optimization-based control framework for collaborative
robotics?

e RQ5: How can natural language interaction be grounded in low-level robot
control in a manner that remains safe, deterministic, and compatible with
industrial requirements?

Collectively, these objectives and research questions define a structured research
trajectory that progresses from model-based foundations to adaptive and safety-aware
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control, and ultimately to intuitive human-centered interaction. Each subsequent
chapter of the thesis addresses one or more of these questions, ensuring that the
dissertation forms a coherent and logically necessary whole rather than a collection
of independent contributions.

1.4 Research Methodology and Approach

The research methodology adopted in this thesis follows a progressive and integrative
approach, reflecting the progressive nature of human-robot collaboration in industrial
settings. Rather than relying on a single methodological paradigm, the work combines
model-based analysis, control-theoretic design, experimental validation, and system-
level integration. This combination is necessary to address the intertwined challenges
of physical interaction, safety assurance, and usability identified in the preceding
sections.

At its foundation, the methodology adopts a model-based perspective. Accurate
dynamic modeling is treated as a prerequisite for both control performance and
safety reasoning. The identification of robot dynamic parameters is approached
through systematic excitation, measurement, and estimation procedures grounded in
classical robot dynamics and inverse dynamics formulations [4]. Model validation is
performed by comparing predicted and measured joint torques under representative
motion profiles, ensuring that the identified parameters are suitable for subsequent
interaction control and energy-based analysis.

Building upon this foundation, the thesis employs control-theoretic methods
to design interaction strategies for physical Human—Robot Interaction. Admittance
control is selected as the primary interaction paradigm due to its suitability for
force-guided motion and its widespread adoption in both academic and industrial
contexts. The control design explicitly considers the trade-offs between transparency,
stability, and robustness discussed in the HRC literature [1]. To overcome the
limitations of fixed-parameter control, adaptive mechanisms are introduced, enabling
real-time modification of interaction dynamics in response to measured forces and
safety-related variables.

Safety is treated not as an external supervisory layer, but as an intrinsic
component of the control architecture. In this respect, the methodology integrates
safety constraints derived from international standards directly into the interaction
control loop. Distance-based supervision and energy-based Power and Force Limiting
principles are interpreted as quantitative constraints on admissible robot motion and
interaction dynamics [3]. This perspective allows safety requirements to be expressed
in physically meaningful terms and to be enforced continuously rather than through
discrete mode switching.

To ensure stability under time-varying interaction dynamics, the methodology
leverages passivity-based analysis and energy-based reasoning. Passivity theory

40



provides a rigorous framework for analyzing the stability of coupled human-robot
systems, particularly in the presence of variable control parameters [4]. Energy
storage mechanisms, such as virtual energy tanks, are employed to regulate energy
exchange during interaction and to preserve passivity despite online adaptation of
control parameters.

As interaction scenarios become more complex, the methodology transitions from
purely algorithmic adaptation rules to optimization-based formulations. Interaction
parameter adaptation and safety enforcement are cast as constrained optimization
problems, where performance objectives are balanced against explicit safety and
stability constraints. This formulation enables systematic handling of competing
requirements and provides a clear mathematical structure for analyzing feasibility,
robustness, and predictability of the resulting behavior.

Experimental validation constitutes a central component of the research method-
ology. All proposed models and control strategies are implemented and tested on a
real industrial robotic platform, ensuring relevance beyond simulation. A modular
software architecture based on ROS 2 [22] is adopted to integrate sensing, con-
trol, safety supervision, and higher-level reasoning. This choice supports real-time
execution, reproducibility, and extensibility, and reflects current best practices in
experimental robotics research [23].

Finally, to address the usability challenges of collaborative robotics, the method-
ology extends beyond physical interaction control to include cognitive interaction
mechanisms. High-level task specification through natural language is investigated as
a complementary layer built upon the validated control and safety framework. Rather
than replacing classical control, language-based interfaces are treated as supervisory
tools that generate structured task representations, which are then executed through
deterministic and safety-aware control pipelines. This layered approach aligns with
emerging perspectives on Vision—Language—Action systems, which emphasize the
importance of grounding symbolic reasoning in physical execution [7].

In summary, the methodology adopted in this thesis is characterized by a
deliberate progression from modeling to control, from safety-aware adaptation to
optimization, and from physical interaction to cognitive interfaces. This progression
ensures that each contribution is grounded in validated foundations and that higher-
level interaction capabilities do not compromise the physical safety and reliability
required in industrial robotics. Figure [1.1| provides a high-level overview of the
conceptual progression underlying the thesis.

1.5 Thesis Outline

This thesis is structured to reflect a coherent progression from foundational mod-
eling to adaptive and safety-aware interaction control, and ultimately to intuitive
human-centered robot programming. Each chapter builds upon the previous ones,
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Figure 1.1: Conceptual roadmap of the thesis, illustrating the progression from
model-based foundations to adaptive, safety-aware interaction control and cognitive
programming interfaces.

contributing a necessary component to the overall research objective of enabling safe,
adaptive, and intuitive human-robot collaboration in industrial environments.

Chapter 2 presents a comprehensive review of the relevant literature. It situates
the thesis within the broader context of industrial and collaborative robotics, covering
dynamic modeling and parameter identification, physical Human—Robot Interaction,
admittance control, passivity and energy-based safety frameworks, and recent ad-
vances in artificial intelligence for robot programming. The chapter concludes by
synthesizing the reviewed works into a conceptual framework that highlights the
research gaps addressed by the thesis.

Chapter 3 focuses on the dynamic parameter identification of an industrial six-
degree-of-freedom manipulator. It introduces the kinematic and dynamic modeling
of the robot and details the experimental procedures used for parameter estimation
and validation. This chapter provides a validated dynamic characterization of
the platform, supporting model-based analysis and informing later discussions on
interaction and safety metrics.

Chapter 4 addresses adaptive admittance control for safe hand-guiding and lead-
through programming. After introducing the fundamentals of admittance control, the
chapter presents a real-time adaptive strategy that modifies interaction dynamics in
response to human-applied forces and safety-related variables. Experimental results
demonstrate how adaptive admittance enables intuitive interaction while preserving
stability and safety in industrial programming tasks.

Chapter 5 extends the interaction framework to collaborative scenarios. The
chapter introduces an energy-based control formulation grounded in Power and Force
Limiting principles and integrates passivity-based mechanisms to ensure stability
under time-varying interaction dynamics. Both algorithmic and optimization-based
adaptation strategies are presented, along with experimental and simulation results
that illustrate the trade-offs between performance, responsiveness, and safety.

Chapter 6 explores the integration of artificial intelligence for intuitive robot
programming. It investigates how high-level task descriptions expressed in natural
language can be translated into executable robot behaviors through a structured and
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safety-aware interface. The chapter presents a structured execution architecture that
enables language-based robot programming while enforcing task-level constraints
and safety-oriented execution policies.

Chapter 7 provides a comprehensive discussion and synthesis of the results
obtained throughout the thesis. It compares the proposed approaches with base-
line methods, highlights theoretical and practical contributions, and analyzes the
limitations and implications of the work. The chapter emphasizes cross-cutting
insights that emerge from the integration of modeling, control, safety, and cognitive
interaction.

Finally, Chapter 8 concludes the thesis by summarizing its main contributions
and situating them within the broader vision of human-centered and resilient indus-
trial automation. The chapter discusses industrial implications and outlines future
research directions, including predictive safety control, embodied intelligence, digital
twin integration, and scalable frameworks for ethical and explainable human—robot
collaboration.
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Chapter 2

Literature Review

The objective of this chapter is not to provide an exhaustive survey of human—
robot interaction, collaborative robotics, or robot programming, but to reconstruct
the conceptual landscape within which the problem of safe and intuitive robot
programming has been historically addressed. Rather than organizing the literature
along disciplinary boundaries, the chapter adopts a problem-driven perspective,
focusing on how modeling, control, safety, and interaction have been treated as
partially independent design dimensions in existing research.

A central argument underpinning this review is that many of the limitations
encountered in industrial human-robot collaboration do not stem from the absence
of suitable control or safety techniques per se, but from their fragmented integration.
Dynamic modeling, compliant control, safety supervision, and programming interfaces
are often developed within distinct research traditions, each optimizing different
objectives and operating at different levels of abstraction [4} |1, |7]. As a consequence,
solutions that are effective within a narrow scope frequently fail to scale to realistic
industrial scenarios involving physical interaction, safety certification, and usability
constraints.

In line with the methodological progression outlined in Chapter 1, this literature
review is structured to progressively move from low-level physical foundations to
higher-level interaction and programming paradigms. The chapter first examines
the evolution of industrial robotics toward collaborative and interaction-oriented
applications, emphasizing programming effort as a central but often implicit bottle-
neck. It then reviews dynamic modeling and parameter identification as analytical
foundations for interaction and safety reasoning, followed by a critical analysis of
admittance-based control strategies for physical human-robot interaction. Subse-
quently, safety paradigms based on distance monitoring and energy limitation are
discussed, together with passivity-based frameworks that enable stable interaction
under time-varying dynamics. Finally, the chapter briefly introduces cognitive and
language-based programming interfaces as emerging, complementary modalities for
robot programming.
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Throughout the chapter, emphasis is placed on identifying conceptual gaps
and unresolved tensions in the literature, rather than on cataloguing individual
methods. This perspective prepares the ground for the subsequent chapters, which
address these gaps through a coherent progression from model-based analysis of
robot dynamics and safety-relevant quantities to adaptive, safety-aware interaction
control and structured cognitive programming interfaces.

2.1 From Industrial Automation to Collaborative
Programming

Industrial robotics has historically been shaped by an automation paradigm centered
on task repeatability, high precision, and strict separation between human operators
and robotic systems. In this paradigm, robots are programmed offline or through
teach pendants, and execute predefined trajectories within fenced or otherwise
isolated workspaces [4]. Safety is primarily achieved through physical separation,
emergency stop mechanisms, and conservative operational envelopes, rather than
through continuous interaction-aware control.

As manufacturing systems have evolved toward higher product variability and
shorter production cycles, the limitations of this paradigm have become increasingly
apparent. The effort required to program and reprogram industrial robots has been
repeatedly identified as a major barrier to flexibility, particularly in small- and
medium-scale production environments |1}, 7]. In this context, programming is no
longer a purely technical activity, but a systemic constraint that directly affects
deployment cost, downtime, and accessibility.

Collaborative robotics has emerged as a response to these limitations, proposing
closer physical and functional integration between humans and robots within shared
workspaces. Rather than replacing human operators, collaborative robots are intended
to support them by combining robotic strength and precision with human adaptability
and decision-making |1]. This shift has profound implications not only for mechanical
design and safety certification, but also for how robots are programmed and instructed.

A key observation in the literature is that collaboration inherently redefines the
notion of robot programming. In collaborative scenarios, especially those involving
hand-guiding, lead-through programming, or cooperative manipulation, robot motion
is often generated or shaped online through physical interaction rather than through
predefined trajectories |13] [10]. As a result, programming and execution become
temporally intertwined, and the traditional separation between programming phase
and operational phase begins to break down.

From this perspective, physical interaction can be interpreted as a form of
embodied programming, in which human intent is conveyed through forces, motion,
and proximity rather than through symbolic code or geometric waypoints [10, [24].
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Figure 2.1: Conceptual positioning of the three complementary robot programming
modalities investigated in this thesis. For each modality, the figure distinguishes the
programming channel, the interaction-control layer, and the primary safety grounding
(SSM supervision for separation-based physical programming; PFL constraints for
contact-capable physical interaction; structured deterministic execution and runtime
checks for language-based programming).

This interpretation highlights that programming effort is redistributed rather than
eliminated: while the burden of explicit coding is reduced, new requirements arise
in terms of compliant control, stability guarantees, and safety supervision during
interaction.

Despite this conceptual shift, much of the industrial literature continues to treat
programming interfaces, interaction control, and safety supervision as loosely coupled
components. Lead-through programming is often presented as a usability feature,
while safety mechanisms are introduced as external constraints enforced through
monitoring or override strategies [25, [16]. This separation obscures the fact that, in
physical human-robot interaction, programming, control, and safety are inherently
interdependent.

Physical interaction-based programming, adaptive compliant control, and higher-
level cognitive interfaces can be understood as complementary modalities that differ
in abstraction level, expressiveness, and safety guarantees, rather than as competing
alternatives. This interpretation motivates a systematic examination of how modeling,
control, and safety frameworks support (or limit) different forms of intuitive robot
programming, which constitutes the focus of the remainder of this chapter.

As summarized in Fig. 2.1] the programming modalities addressed in this thesis
are complementary and differ primarily in their level of abstraction and in the
mechanisms by which safety is grounded and enforced.

47



2.2 Dynamic Modeling and Parameter Identifica-
tion

Dynamic modeling has long constituted a foundational component of robotic system
analysis, providing a mathematical description of the relationship between joint
motion, applied torques, and resulting forces at the end-effector [4, [26]. In its
classical formulation, the rigid-body dynamics of serial manipulators express joint
torques as a function of inertial, Coriolis and centrifugal, gravitational, and frictional
effects. This structure has been extensively studied and forms the basis for simulation,
feedforward compensation, and performance analysis in industrial robotics.

Within this framework, parameter identification aims to estimate the inertial
parameter set of the manipulator (i.e., link masses, centers of mass, and inertia tensors)
together with friction-related terms, in a form suitable for inverse-dynamics prediction
and physically grounded analysis |4, 26| 27, 28]. Numerous studies have shown that
nominal models provided by manufacturers are often insufficiently accurate for
quantitative analysis, particularly when interaction forces, energy exchange, or
torque-level behavior are of interest [28| [29]. Identification procedures based on linear
parameterization of the dynamics and least-squares or optimization-based estimation
have therefore become standard practice in both academic and industrial research
[27, 28].

It is important to distinguish, however, between the different roles that dynamic
models can play within a robotic system. In classical trajectory tracking and inverse
dynamics control, accurate models are directly embedded in the control loop to cancel
nonlinear dynamics and enforce desired closed-loop behavior |30, 31]. In contrast,
many interaction-oriented control strategies (particularly those based on admittance
or impedance formulations) do not require explicit dynamic models for stability or
basic functionality [10]. As a result, the relevance of parameter identification for
physical human-robot interaction is sometimes questioned or treated as secondary.

Nevertheless, the literature indicates that dynamic modeling and identification
remain valuable in interaction scenarios, not because compliant control necessarily
depends on a perfect model, but because models provide an analytical reference for
computing and interpreting physically meaningful quantities used in assessment and
monitoring. First, dynamic models enable the computation of physically meaningful
quantities such as apparent inertia, kinetic energy, and power, which are central to
interaction analysis and safety assessment |11} |12]. Second, model accuracy directly
affects the interpretation of measured joint torques and interaction forces, particularly
in sensorless or partially instrumented systems [13]|. Third, uncertainties in inertial
and friction parameters can propagate into safety-related estimations, potentially
leading to either overly conservative behavior or underestimated risk [16, 32].

From a programming perspective, dynamic modeling also plays an indirect but
significant role. Lead-through programming and hand-guiding rely on the assumption
that the robot responds predictably to human-applied forces and that the resulting
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motion can be reproduced or generalized reliably. While admittance control can
provide compliant behavior without explicit model inversion, the consistency of
physically taught trajectories depends on the overall predictability of the robot’s
response to interaction, which is shaped by sensing quality, controller bandwidth,
and the chosen compliance behavior; dynamic models are mainly relevant here as a
reference for analysis and for the estimation of safety-relevant quantities, rather than
as a prerequisite for compliant motion generation |10, [13]. In this sense, dynamic
modeling supports the interpretability of physical interaction as a programming
modality.

These considerations motivate treating dynamic modeling and parameter identi-
fication as analytical foundations rather than as universal prerequisites for interaction
control. Accurate models are not required for all compliant control strategies, but
they provide a necessary reference frame for evaluating interaction dynamics, quan-
tifying safety margins, and understanding the physical implications of interaction
design choices and the safety-related quantities used to supervise them. This per-
spective aligns with the broader view that safe and intuitive robot programming
emerges from the coherent integration of modeling, control, and safety reasoning,
rather than from any single component in isolation.

It is worth noting that, while accurate dynamic models are central to many
model-based control paradigms, a substantial body of interaction-oriented control
research deliberately decouples stability and safety guarantees from model accuracy,
favoring control formulations whose robustness relies on passivity, energy regulation,
or interaction-level abstractions rather than on precise knowledge of the robot’s
inertial parameters.

2.3 Admittance for Physical Human—Robot Inter-
action

Physical human-robot interaction requires control strategies that explicitly account
for external forces applied by the human operator and that shape the robot motion
in a compliant and intuitive manner. Impedance- and admittance-based control
frameworks have emerged as the dominant paradigms for this purpose, as they allow
the dynamic relationship between force and motion to be specified explicitly [4} 10].

In impedance control, the robot is commanded to behave as a virtual mechan-
ical impedance by directly regulating the relationship between motion errors and
interaction forces. This approach is particularly effective in torque-controlled robots,
where force feedback can be tightly integrated into the control loop [4]. However,
many industrial robots operate under position or velocity control architectures that
limit direct access to joint torques. In such cases, admittance control is often pre-
ferred, as it maps measured external forces into motion commands through a virtual
mass—damper system without requiring torque-level actuation [10, 13]. This point is
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not merely practical: hand-guiding a robot whose native control stack is not designed
for physical interaction makes compliance an added capability that must coexist with
industrial motion interfaces and safety supervision, rather than a built-in property
of the actuation system [1, [10, 25].

Admittance control has therefore become a standard solution for hand-guiding
and lead-through programming in industrial contexts. By tuning the virtual inertia
and damping parameters, designers can trade off responsiveness against stability and
robustness to noise [10]. Low apparent inertia improves transparency and reduces
operator effort, while higher damping enhances stability and suppresses oscillations.
This trade-off is intrinsic and cannot be eliminated through static tuning alone.

A substantial body of literature has demonstrated that fixed-parameter admit-
tance control is insufficient for realistic interaction scenarios. Human behavior is
inherently variable, and interaction conditions may change rapidly depending on task
phase, operator intent, and proximity constraints |1, 25]. As a result, parameters
that yield intuitive behavior in one situation may lead to excessive compliance or in-
stability in another. This observation has motivated numerous adaptive and variable
admittance strategies, in which inertia and damping parameters are modified online
based on force magnitude, motion velocity, or estimated human intent [14, |33} [15].

While these approaches improve interaction quality, they also expose a critical
limitation. Admittance parameters directly influence the robot’s apparent mass
and velocity response, which in turn affect the forces and energy exchanged during
contact [31]. Consequently, adaptation mechanisms that are designed purely from
an interaction or performance perspective may inadvertently compromise safety,
particularly in close-proximity or contact-rich scenarios. Many existing methods
address this issue through heuristic bounds or conservative parameter limits, rather
than through explicit safety reasoning [25, (16].

From the perspective of robot programming, admittance control plays a dual
role. On the one hand, it enables intuitive physical teaching by allowing operators
to guide the robot directly, effectively embedding programming within interaction
[13]. On the other hand, it defines the physical vocabulary through which intent is
expressed: the same human-applied force can result in markedly different motion
depending on the chosen admittance parameters. This dependency underscores that
programming through physical interaction is inseparable from control design choices.

These considerations highlight the need for admittance control strategies that
explicitly account for safety constraints and physical interaction limits, rather than
treating them as external supervisory concerns. The literature reviewed in this section
establishes admittance control as a powerful enabler of intuitive robot programming,
while simultaneously revealing its limitations when safety, adaptability, and pre-
dictability must be guaranteed under varying interaction conditions. Addressing
these limitations requires a closer examination of safety paradigms and energy-based
interaction frameworks, which is the focus of the following sections.
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2.4 Safety Paradigms in Physical Human—Robot
Interaction: SSM and PFL

Safety in physical human-robot interaction is not a monolithic concept, but is articu-
lated through distinct paradigms that impose fundamentally different constraints on
robot behavior. Among these, Speed and Separation Monitoring (SSM) and Power
and Force Limiting (PFL) represent two complementary yet conceptually divergent
approaches to ensuring human safety during collaboration [3} [1].

SSM is based on the continuous monitoring of the relative distance between the
human and the robot and enforces safety by regulating robot speed as a function
of this distance. The underlying logic is preventive: physical contact is treated as
an event to be avoided, and safety is ensured by guaranteeing sufficient separation
or by reducing kinetic energy through velocity limitation before contact occurs [34,
35]. Within this paradigm, safety constraints are primarily geometric and kinematic,
relying on perception systems and conservative assumptions about human motion
and reaction time [36].

A key strength of SSM lies in its conceptual simplicity and compatibility with
existing industrial safety infrastructures. By acting on velocity limits and separation
thresholds, SSM can be integrated into a wide range of control architectures without
requiring detailed modeling of contact dynamics [25]. However, this same abstraction
introduces structural limitations. As human-robot distance decreases, SSM tends
to enforce increasingly conservative behavior, often resulting in abrupt slowdowns
or task interruptions that degrade interaction fluency and programming usability
[16]. Moreover, SSM does not naturally accommodate scenarios in which intentional
contact is required, such as hand-guiding or cooperative manipulation.

In contrast, PFL addresses safety by bounding the mechanical energy, force, and
pressure exchanged during physical contact. Rather than avoiding contact altogether,
PFL assumes that contact may occur and seeks to limit its consequences to within
acceptable thresholds derived from biomechanical considerations [3| |12]. This shift
has profound implications for control design, as safety constraints are no longer
purely geometric but depend on the dynamic state of the robot, including velocity,
apparent mass, and interaction dynamics |11].

Energy-based formulations of PFL reveal an intrinsic coupling between robot
motion and safety limits. In particular, admissible velocities depend on the effective
inertia experienced at the point of contact, which in turn is influenced by control
parameters and configuration [6, [31]. As a result, safety cannot be enforced inde-
pendently of interaction control: the same control law that shapes compliance also
shapes the safety envelope. This interdependence distinguishes PFL from SSM and
challenges traditional layered architectures in which safety is treated as an external
supervisory function.

The literature highlights that, while PFL enables closer and more natural col-
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laboration, it also demands more explicit coordination between safety reasoning
and control design [16] 32]. Without such coordination, conservative parameter
choices may negate the benefits of contact-based interaction, while aggressive tuning
may violate safety margins. Unlike SSM, where safety constraints can often be en-
forced through velocity clamping, PFL requires continuous modulation of interaction
dynamics to remain effective across operating conditions [34].

From a programming standpoint, the distinction between SSM and PFL is par-
ticularly significant. SSM constrains when and how physical programming can occur
by restricting proximity and motion speed, whereas PFL constrains the admissible
dynamics of interaction itself. This difference implies that programming through
physical interaction is shaped not only by control responsiveness but also by the
underlying safety paradigm. Understanding this distinction is essential for interpret-
ing the limitations of fixed interaction parameters and motivates the exploration
of control frameworks that explicitly regulate energy exchange, as discussed in the
following section.

2.5 Energy- and Passivity-Based Control Frame-
works

The challenges posed by time-varying interaction dynamics and energy-based safety
constraints have motivated the adoption of passivity-based control frameworks in
physical human-robot interaction. Passivity provides a system-theoretic notion of
stability grounded in energy exchange, offering guarantees that remain valid even in
the presence of uncertain or time-varying environments |4, |17].

In the context of human-robot interaction, passivity is particularly attractive
because the human operator can be modeled as an energy-generating or energy-
dissipating system whose behavior is neither fully predictable nor easily constrained
[18]. By ensuring that the robot controller does not inject unbounded energy into
the coupled system, passivity-based approaches can guarantee stable interaction
regardless of operator behavior, provided that the overall energy balance is respected.

Energy tank architectures represent a prominent instantiation of this principle.
In such frameworks, the robot controller is endowed with a virtual energy storage
element that regulates how much energy can be injected into or dissipated by the
system |18, |15]. When interaction parameters are modified online (such as during
variable admittance control), the energy tank acts as a mediator, ensuring that
adaptations do not violate passivity conditions. This mechanism enables stable
time-varying behavior that would otherwise be difficult to guarantee.

The relevance of energy-based control extends beyond stability considerations.
Energy tanks and related formulations provide a natural interface between interaction
control and safety reasoning, particularly in the context of PFL. By explicitly tracking
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and limiting kinetic and exchanged energy, these frameworks allow safety constraints
to be expressed in physically meaningful terms that align with standard-based limits
[6]. Importantly, this alignment does not imply automatic compliance with safety
standards, but it facilitates systematic reasoning about how control parameters
influence safety-relevant quantities.

Despite these advantages, passivity-based control should not be conflated with
safety enforcement. Passivity guarantees stability of interaction, but it does not
ensure that force, pressure, or energy thresholds remain within acceptable limits under
all conditions [12]. Consequently, additional mechanisms are required to translate
safety constraints into admissible energy budgets or control parameter bounds. The
literature reflects ongoing efforts to bridge this gap through combinations of passivity,
constraint enforcement, and supervisory control [32, 36].

From a programming perspective, energy- and passivity-based frameworks play a
subtle but critical role. By enabling stable interaction under adaptive dynamics, they
support forms of physical programming that would otherwise be too unpredictable or
unsafe. At the same time, they expose the inherent trade-offs between responsiveness,
stability, and safety, making explicit that intuitive interaction cannot be decoupled
from rigorous energy management. These observations set the stage for examining
how higher-level programming interfaces can be grounded in physically safe execution
frameworks, which is addressed in the next section.

2.6 Language-Based Robot Programming as Cog-
nitive Interface

While physical interaction provides a powerful means for conveying motion intent
through embodied cues, it does not exhaust the space of intuitive robot programming
modalities. A parallel research trajectory has investigated how higher-level cognitive
interfaces can enable users to specify tasks, goals, and constraints in ways that are
decoupled from continuous physical interaction. In this context, natural language
has emerged as a particularly attractive medium due to its expressiveness, familiarity,
and ability to convey abstract intent [8 9.

Historically, language-based and symbolic robot programming has been studied
within the broader field of task planning and human-aware decision-making. Early
architectures focused on translating structured commands into symbolic plans that
could be executed by robotic systems under explicit logical constraints [8} [37]. These
approaches emphasized deliberation, transparency, and verifiability, but were often
limited by the rigidity of predefined vocabularies and the difficulty of grounding
abstract symbols in physical execution.

Recent advances in machine learning, and in particular in large language models,
have renewed interest in language-based robot programming. Large language models

23



exhibit strong capabilities in parsing unstructured natural language, generating
procedural descriptions, and composing multi-step plans from high-level instructions
[38,]19]. As a result, they have been proposed as interfaces for generating robot code,
task sequences, or action descriptions directly from user prompts [39, 40]. Surveys
highlight their potential to reduce the cognitive and technical burden associated with
traditional programming interfaces [41].

Despite this potential, the literature also underscores significant limitations
that prevent language-based programming from being treated as a replacement
for physical interaction or low-level control. Large language models are inherently
probabilistic, may produce inconsistent outputs, and lack intrinsic guarantees of
determinism or correctness [19, 20]. Moreover, they do not possess direct awareness of
physical constraints, safety limits, or real-time system states unless explicitly coupled
with external verification and execution layers [42]. As such, language models cannot
be considered controllers, nor can their outputs be assumed to be compliant with
industrial safety standards.

From the perspective of human-robot interaction, it is therefore more appro-
priate to interpret language-based programming as a distinct interaction modality,
orthogonal to physical programming. Whereas physical interaction conveys intent
through forces, motion, and proximity, language conveys intent through symbolic ab-
straction, task decomposition, and semantic constraints. These modalities differ not
only in expressiveness, but also in their relationship to safety: physical interaction is
governed by continuous dynamic constraints, while language-based interaction relies
on structured execution and constraint enforcement to ensure predictable behavior
[43, 144].

The emerging consensus in the literature is that effective language-based robot
programming requires a layered architecture in which high-level, potentially ambigu-
ous instructions are translated into structured and verifiable representations before
execution [45] |46]. Safety in such systems is not achieved through formal certification
of the language model itself, but through deterministic execution pipelines, explicit
constraints, and supervision mechanisms that mediate between symbolic intent and
physical action [42]. This perspective aligns with broader trends in embodied ar-
tificial intelligence, which emphasize grounding and constraint-based execution as
prerequisites for reliable deployment [47].

In this sense, language-based programming complements rather than replaces
physical interaction. It enables forms of task specification and reconfiguration that
are difficult to express through direct manipulation alone, while remaining dependent
on the underlying control and safety infrastructure for execution. Recognizing this
orthogonality is essential for integrating cognitive interfaces into industrial robotic
systems without conflating programming convenience with physical safety guarantees.

o4



2.7 Synthesis and Research Gaps

The literature reviewed in this chapter reveals a rich and mature body of work
addressing individual aspects of human-robot collaboration, including dynamic mod-
eling, compliant interaction control, safety supervision, and intuitive programming
interfaces. At the same time, it exposes persistent conceptual and architectural
gaps that limit the deployment of safe and intuitive robot programming in realistic
industrial scenarios.

A first gap concerns the role of dynamic modeling in interaction-oriented systems.
While accurate dynamic models are widely recognized as essential for simulation,
analysis, and safety-related estimation, they are often treated as either strictly
necessary for control or largely irrelevant to interaction design. The literature lacks
a coherent perspective that situates dynamic modeling as an analytical foundation
that informs interaction quality and safety reasoning without imposing unnecessary
constraints on control architecture selection.

A second gap emerges in the design of admittance-based interaction control.
Variable and adaptive admittance strategies have been extensively studied to improve
transparency and usability, yet their adaptation mechanisms are frequently decoupled
from formal safety considerations. As a result, interaction parameters are often
tuned heuristically, and safety constraints are enforced externally rather than being
embedded in the interaction dynamics themselves.

A third gap lies in the relationship between safety paradigms and control
design. Speed and Separation Monitoring and Power and Force Limiting impose
fundamentally different constraints on robot behavior, yet many architectures treat
them as interchangeable supervisory layers. The literature indicates that energy-
based safety paradigms, in particular, require tighter integration between control
parameters and safety limits, which is not adequately addressed by conventional
layered approaches.

A fourth gap concerns the formalization of interaction adaptation under safety
constraints. While passivity- and energy-based frameworks provide stability guar-
antees for time-varying interaction dynamics, they do not by themselves ensure
compliance with safety thresholds. The systematic integration of safety constraints
into adaptation mechanisms (particularly through explicit optimization or constraint-
based formulations) remains an open research direction.

Finally, a gap exists in the integration of cognitive programming interfaces with
physically grounded execution. Language-based robot programming has demon-
strated promising capabilities for task specification and user interaction, but its
safe deployment depends critically on structured execution frameworks that mediate
between symbolic intent and physical action. The literature often treats these inter-
faces as standalone innovations, rather than as components that must be coherently
aligned with interaction control and safety architectures.
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Taken together, these gaps point to a central unresolved challenge: enabling
robot programming modalities that are both intuitive for human operators and
rigorously grounded in physical safety and system predictability. Addressing this
challenge requires a progressive approach that does not seek a single universal solution,
but rather integrates complementary paradigms across modeling, control, safety, and
interaction. The subsequent chapters of this thesis adopt this perspective, advancing
from model-based analysis of robot dynamics and safety-relevant quantities toward
adaptive, safety-aware interaction control and structured cognitive programming
interfaces within a unified conceptual framework.
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Chapter 3

Dynamic Modeling and Parameter
Identification of an Industrial

Robot

Industrial robot programming through physical interaction inevitably exposes a
tension between intuitive human guidance and the need for physically grounded
interpretation of robot motion and effort. While many interaction control strategies
deliberately abstract away the internal dynamics of the manipulator in favor of
compliant, task-space formulations, the underlying physical system remains governed
by inertial, gravitational, and frictional effects that directly influence torque genera-
tion, energy exchange, and mechanical loading. In industrial environments, where
manipulators are typically characterized by high payload capacity, non-negligible
link masses, and proprietary low-level control architectures, these effects cannot be
dismissed as secondary.

Within this context, dynamic modeling and parameter identification retain a
role that is conceptually distinct from interaction control design. Rather than serving
as a prerequisite for compliant behavior, a validated dynamic model provides a
physically interpretable description of how joint torques, motion, and energy arise
from the robot’s mechanical structure. This description is particularly relevant
when interaction-based programming is deployed on non-collaborative industrial
manipulators, where safety supervision, low-level control integration, and performance
assessment must coexist with established industrial control loops.

This chapter addresses the dynamic modeling and parameter identification of
the six-degree-of-freedom industrial robot used as the experimental platform for
the subsequent studies. The objective is to establish a reliable analytical reference
for validation and physical interpretation; the boundaries of its use with respect
to interaction control are stated explicitly in Section In doing so, the chapter
contributes a foundational analytical layer that complements (rather than constrains)
the interaction control and programming approaches introduced in the following
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chapters.

3.1 Scope and Role of the Dynamic Model

Before introducing the mathematical formulation of the robot dynamics and the
associated identification procedures, it is necessary to clarify the scope and role of the
dynamic model within the overall architecture of this dissertation. This clarification
is essential to avoid a common misinterpretation, namely that the identified model
constitutes a functional requirement for the interaction control strategies developed
in the subsequent chapters.

In classical robot control, dynamic models are often embedded directly within
the control loop, for instance in inverse-dynamics or computed-torque schemes,
where accurate knowledge of inertial and friction parameters is required to cancel
nonlinear effects and impose desired closed-loop behavior. In contrast, the interaction-
oriented control approaches adopted in this thesis (particularly admittance-based
formulations for physical human-robot interaction) do not rely on explicit dynamic
models for stability, passivity, or basic functionality. The compliant behavior of
the robot during interaction is instead governed by deliberately simplified mass—
damper relationships defined at the interaction port, combined with safety supervision
mechanisms grounded in either SSM or PFL principles.

The role of dynamic modeling and parameter identification in this dissertation is
instead twofold. First, the identified model is suitable for supporting low-level torque
feedforward compensation within the industrial control architecture (where such a
channel is available), thereby reducing the burden on decentralized feedback loops
without altering their structure. Second, the model is used as an offline reference to
compute and interpret mechanically grounded quantities (e.g., joint-space kinetic
energy and direction-dependent apparent inertia) when discussing experimental safety
margins; it is not required for online safety enforcement.

By explicitly separating the analytical and interpretative function of the dynamic
model from the design of interaction controllers, this chapter establishes a clear con-
ceptual boundary between modeling, control, and safety paradigms. This separation
is maintained throughout the remainder of the thesis and reflects a deliberate design
choice aimed at preserving both robustness and interpretability in safety-oriented
human-robot interaction.
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3.2 Kinematic and Dynamic Modeling of the In-
dustrial Manipulator

This section introduces the kinematic and dynamic model of the six-degree-of-
freedom industrial manipulator considered in this thesis. The formulation follows
standard rigid-body modeling assumptions and serves as a physically consistent
analytical reference for parameter identification, low-level torque compensation, and
the interpretation of interaction-related quantities.

3.2.1 Generalized Coordinates and Kinematics

The configuration of the manipulator is described by the joint position vector
q € R’ (3.1)

where each component represents the angular position of a revolute joint. The
corresponding joint velocity and acceleration vectors are denoted as

geR’  geR° (3.2)

The kinematic structure of the robot is defined through a serial chain of rigid
links connected by actuated joints. Coordinate transformations between successive
link frames are described using standard Denavit—Hartenberg conventions, which
allow the computation of link positions, orientations, and Jacobians as functions of
the joint configuration. These kinematic quantities constitute the foundation for the
dynamic formulation introduced in the following subsection.

3.2.2 Rigid-Body Dynamic Model

Under the assumption of rigid links and ideal joint actuation, the joint-space dynamics
of the manipulator can be expressed in the standard form

T=B(q)q+C(q,9) q+g(q) +7s(q), (3.3)

where:

e 7 ¢ R% is the vector of joint torques,

B(q) € R®*¢ is the symmetric positive-definite joint-space inertia matrix,

e C(q,q) € R%< collects Coriolis and centrifugal effects,

g(q) € R® represents gravitational torques,
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e 7;(q) € R® models joint friction effects.

The inertia matrix B(q) captures the distribution of mass and inertia across
the robot structure and depends on the link masses, centers of mass, and inertia
tensors. The matrix C(q, q) is defined such that the matrix B(q) — 2C(q, q) is
skew-symmetric, ensuring energy consistency of the model. The gravity vector g(q)
accounts for the effect of gravitational forces acting on each link.

Joint friction is modeled as the superposition of viscous and Coulomb components,
yielding

71(q) = F, g + Fysgn(q), (3.4)

where F, € R%%6 and F, € R®*% are diagonal matrices containing viscous and
Coulomb friction coefficients, respectively.

3.2.3 Linear Parameterization for Identification

For the purpose of parameter identification, the dynamic model in (3.3) can be
rewritten in a form that is linear with respect to a vector of dynamic parameters.
Specifically, the joint torques can be expressed as

T=Y(q,4.4) . (3.5)

where:

e Y(q,q,q) € RO is the regression matrix,

e 7 € R? is the vector of dynamic parameters.

p € N denotes the number of (candidate) dynamic parameters included in the
chosen parameterization of the rigid-body model (e.g., masses, centers of mass, link
inertial parameters, motor inertias, and friction coefficients). The parameter vector
7 collects inertial properties of the links (masses, centers of mass, inertia tensor
components), motor inertias, and friction coefficients. While the explicit structure
of Y depends on the chosen dynamic formulation, the Newton—Euler approach is
adopted in this work due to its recursive structure and computational efficiency,
which are well suited to industrial manipulators with complex mechanical features
such as joint couplings and load-assisting springs [4].

The linear parameterization in constitutes the basis for the static and
dynamic identification procedures presented in Section 3.3. As clarified in Section [3.1],
this linear parameterization is introduced for identification and analysis, and it is not
a functional dependency of the interaction controllers developed in later chapters.
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3.3 Dynamic Parameter Identification Procedure

This section describes the procedure adopted to identify the dynamic parameters of
the industrial manipulator introduced in Section [3.2] The identification methodology
is grounded in the linear parameterization of the robot dynamics presented in (|3.5]
and follows a structured two-stage approach consisting of static and dynamic identi-
fication phases. The formulation and implementation closely follow the methodology
presented in [21], which is here reformulated and contextualized to serve the analytical
role of this dissertation.

The objective of the identification process is to obtain a physically consistent
set of dynamic parameters that accurately reproduces the observed joint torques
under known motion conditions.

3.3.1 Linear Regression Formulation

Starting from the linear parameterization of the joint-space dynamics,
T=Y(q.q,4)m, (3.6)
the identification problem can be cast as the estimation of the parameter vector
7 € RP, (3.7)

given measurements of joint positions, velocities, accelerations, and torques.

The regression matrix

Y(q,q,q) € R** (3.8)

is constructed using a recursive Newton—FEuler formulation, which enables an efficient
computation of the dynamic contributions associated with each link. This choice is
particularly suited to industrial manipulators characterized by non-negligible link
masses, joint couplings, and auxiliary mechanical elements such as load-assisting
springs [21].

To improve numerical conditioning and ensure sufficient excitation of all identifi-
able parameters, the regression matrix is evaluated over a set of N samples collected
along suitably designed trajectories. Stacking the resulting equations yields the
global regression problem

Tiot = Yot T, (3~9)

where

Tt € ROV, Yo € ROV, (3.10)
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3.3.2 Separation of Static and Dynamic Identification

The dynamic parameter vector 7 generally contains parameters associated with
both configuration-dependent and motion-dependent effects. In order to improve
identifiability and reduce coupling between parameters, the identification procedure
is decomposed into two sequential phases.

Static Identification. The static identification phase targets parameters that
contribute to joint torques under quasi-static conditions, namely link masses and
centers of mass. By considering a set of static configurations satisfying

g=0 §=0, (3.11)

the dynamic model reduces to a gravity-dominated form, and the regression problem
simplifies accordingly. This allows the estimation of mass-related parameters with
reduced sensitivity to noise and modeling uncertainties.

Dynamic Identification. Once mass and center-of-mass parameters have been
estimated, the dynamic identification phase focuses on motion-dependent quantities,
including inertia tensor components, motor inertias, and friction coefficients. In
this phase, excitation trajectories involving nonzero velocities and accelerations are
employed, and the previously identified static parameters are treated as known
quantities.

This staged approach reduces parameter coupling and improves numerical
robustness, particularly in manipulators with mechanical couplings and auxiliary
elastic elements [21].

3.3.3 Regression Matrix Reduction and Identifiability

The global regression matrix Y. is generally rank-deficient due to structural de-
pendencies among dynamic parameters. As a result, not all elements of 7 are
independently identifiable. Following standard practice, the regression matrix is
reduced to a minimal form by eliminating non-identifiable parameters and grouping
linearly dependent terms.

Let
T min € RPmin (3.12)
denote the minimum identifiable parameter vector, and
Y iy € ROV XPrmin (3.13)

the corresponding reduced regression matrix. The identification problem then
becomes
Ttot = Ymin T min- (314)
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Figure 3.1: Overview of the dynamic parameter identification workflow adopted in
this thesis. The procedure is structured into a static identification phase, targeting
gravity-related parameters under quasi-static conditions, and a dynamic identification
phase, focusing on inertial and friction-related effects using excitation trajectories.
Recorded trajectories provide the measured joint signals used to evaluate and stack
the regression matrix over N samples. The resulting regression problem is solved
through least-squares estimation and refined via constrained optimization to enforce
physical consistency, followed by offline validation against measured joint torques.

This reduction step ensures that the estimated parameters are uniquely deter-
mined by the available data and avoids ill-conditioned least-squares solutions.

3.3.4 Least-Squares Estimation

The minimum parameter vector 7, is estimated by solving the least-squares problem

frmin = arg min ||Ymin TCmin — Tt0t||2 ) (315)

T'min

which admits the closed-form solution

1

7?‘-min - (‘-f—r Ymin)_ Yl—ly—linTtota (316)

min

provided that Y. Y., is full rank.

The resulting parameter estimates are subsequently refined through constrained
optimization to enforce physical consistency, such as positivity of link masses and
positive definiteness of inertia tensors, following the approach detailed in [21]. This
refinement step improves interpretability and ensures compatibility with simulation
and low-level torque computation frameworks.

The overall identification workflow, including the separation between static and
dynamic phases and the subsequent optimization and validation steps, is summarized

in Fig. B
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3.3.5 Validation and Role within the Dissertation

The identified parameters are validated by comparing measured joint torques with
model-predicted torques over trajectories not used during identification. The quality
of the identification is assessed using standard error metrics and qualitative inspection
of torque profiles.

The relationship between the identified model and the interaction control ar-
chitectures is governed by the boundary stated in Section [3.1} the present section
focuses exclusively on the estimation procedure.

3.4 Experimental Setup and Data Acquisition

This section describes the experimental setup and data acquisition procedure adopted
for the identification of the dynamic parameters discussed in Section [3.3] The
experiments are conducted on a six-degree-of-freedom industrial serial manipulator
specifically selected for its relevance to heavy-duty industrial programming scenarios.
The robot is introduced and characterized in detail in this section, as its mechanical
structure directly influences the identification strategy and the interpretation of the
resulting model.

3.4.1 Industrial Robot Platform

The experimental platform is a six-degree-of-freedom serial industrial manipulator
designed for high-payload applications and characterized by a rigid mechanical
structure and non-negligible link masses. Unlike lightweight collaborative robots, the
system incorporates several mechanical features that significantly affect its joint-space
dynamics and therefore require explicit consideration during parameter identification.

First, the manipulator integrates two load-compensation springs positioned be-
tween joints 1 and 3; their elongation is driven by the motion of joint 2. These springs
introduce configuration-dependent torque contributions that partially counterbalance
gravitational effects on the upper links. As a result, the measured joint torques do
not purely reflect rigid-body dynamics but include elastic contributions that must
be isolated or compensated during the identification process.

Second, the robot exhibits mechanical coupling between specific joint pairs. In
particular, the motion and torque transmission of joints 2 and 3, as well as joints 4
and 5, are not independent but linked through the internal transmission architecture.
This coupling implies that the torque applied by a motor may contribute to multiple
joint torques, leading to a non-diagonal transmission relationship between motor
torques and joint torques. Consequently, joint torques used for identification must
be reconstructed by explicitly accounting for the coupling structure rather than
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assuming one-to-one actuation.

Third, the actuation system relies on industrial gear reducers with non-unit
efficiency and non-negligible no-load torque losses. These effects introduce systematic
torque offsets and scaling factors that depend on the reducer characteristics and
differ across joint groups. In the considered robot, different reducer families are used
for proximal and distal joints, resulting in distinct efficiency and loss parameters
that must be modeled separately to avoid bias in the identified inertial and friction
parameters.

Finally, small misalignments of the robot base with respect to the gravity vector,
typically negligible in idealized models, can generate measurable gravitational torque
components on joints that would otherwise not be gravity-loaded. To account for
this effect, the identification framework allows for the inclusion of base orientation
parameters, ensuring that gravitational contributions are consistently propagated
through the Newton—Euler formulation.

As illustrated in Fig. the manipulator features mechanical couplings between
joint pairs and load-compensation springs acting on the proximal joints, which directly
influence the observed joint torque distribution.

All these elements contribute to shaping the effective torque balance observed
at the joints and therefore directly influence the structure of the regression model
used for identification. These mechanical features are explicitly incorporated in the
identification formulation adopted in this chapter, consistent with the experimental
methodology reported in [21].

3.4.2 Measured Signals and Sampling

During the identification experiments, the following joint-level signals are acquired:

joint positions g(t) € R®,

joint velocities g(t) € RS,

joint accelerations q(t) € R®,

motor or joint torques 7(¢) € RS.

All signals are sampled at a fixed sampling frequency sufficiently high to capture
the relevant dynamic behavior of the system. Joint accelerations are obtained either
through numerical differentiation of velocity measurements or directly from the robot
controller when available. To mitigate noise amplification due to differentiation,
appropriate filtering and smoothing techniques are applied during preprocessing,
ensuring a suitable trade-off between signal fidelity and noise suppression.
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Figure 3.2: Mechanical structure of the six-degree-of-freedom industrial manipulator,
highlighting joint couplings and load-compensation springs that affect joint-space
dynamics.

3.4.3 Static Identification Data Collection

For the static identification phase, a set of quasi-static robot configurations is selected
to excite gravity-related torque components while minimizing dynamic effects. Each
configuration satisfies

q~0, q~0, (3.17)
so that joint torques are dominated by gravitational contributions.

The selected configurations are distributed throughout the robot workspace
to ensure sufficient excitation of all identifiable mass-related parameters. At each
configuration, joint torques are recorded once steady-state conditions are reached.
The resulting dataset forms the basis for the static identification stage described in

Section 3.3l

3.4.4 Dynamic Identification Trajectories

Dynamic identification requires excitation of inertial and friction-related effects.
To this end, a set of joint-space trajectories is designed to span a broad range of
velocities and accelerations while remaining within the robot’s operational limits.
The trajectories are executed at different speed levels to improve identifiability of
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viscous and Coulomb friction components.

Let
q(t), q(t), q(t), tel0,1], (3.18)

denote a generic excitation trajectory of duration 7. Multiple trajectories are
executed, and the corresponding measurements are concatenated to form the global
dataset used to construct the stacked regression problem introduced in Section [3.3]

Special care is taken to avoid trajectories that induce excessive vibrations or
saturate the actuators, as such conditions may introduce unmodeled effects that
degrade identification quality.

3.4.5 Data Preprocessing and Consistency Checks

Prior to parameter estimation, the acquired data are subjected to preprocessing
steps aimed at improving numerical robustness and physical consistency. These steps
include:

e synchronization of position, velocity, acceleration, and torque signals,
e filtering of high-frequency noise components,

e removal of transient segments associated with trajectory start-up and termina-
tion,

e consistency checks to discard samples affected by saturation or measurement
anomalies.

The resulting dataset constitutes the input to the regression and optimization
procedures described in Section [3.3] By enforcing a clear separation between data
acquisition and parameter estimation, the experimental methodology ensures re-
peatability and transparency, which are essential for the analytical role played by
the identified model within this dissertation.

3.5 Validation Results and Discussion

This section presents the validation of the identified dynamic parameters and discusses
their implications within the scope defined in Chapter 3. The objective of the
validation is twofold: first, to assess the capability of the identified model to reproduce
measured joint torques under representative operating conditions; second, to clarify
the extent to which the resulting model supports physical interpretation and analytical
reasoning.
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3.5.1 Torque Reconstruction Accuracy

Validation is performed by comparing the joint torques predicted by the identified
dynamic model with the torques measured on the robot during trajectories not used
for parameter estimation. Given the measured joint states

qt), 4(t), 4(), (3.19)

the predicted torque vector is computed as

7(t)=Y(q,q,q), (3.20)

where 7t denotes the estimated parameter vector obtained through the procedure
described in Section [3.3]

The comparison between measured torques 7(¢) and reconstructed torques 7(t)
is evaluated using standard error metrics computed over the validation dataset. In
particular, the root mean square error (RMSE) for each joint is defined as

N
1
RMSE; =, | + > (milk] = #:[k])?, (3.21)
k=1
where k£ indexes the sampled data points and N € N is the number of samples in the
considered validation dataset.

The validation results are reported separately for static and dynamic conditions.
Static validation is summarized in Table 3.1 whereas Fig. reports a representative
time-domain comparison for dynamic excitation trajectories. For joints primarily
influenced by gravitational effects, the reconstructed torque profiles accurately capture
the amplitude and sign of the measured torques across the workspace, indicating that
the identified mass and center-of-mass parameters provide a consistent representation
of the robot’s weight distribution. In addition to RMSE, the standard deviation
of the torque reconstruction error (SDE) is reported to quantify the dispersion of
residuals around the mean error.

During dynamic validation trajectories, the identified model reproduces the
dominant inertial and friction-related contributions, yielding torque profiles that
closely follow the measured signals in terms of phase and overall magnitude. For
proximal joints, which experience higher inertial loading, the reconstructed torques
capture both acceleration-dependent peaks and steady-state friction effects. Distal
joints exhibit smaller absolute torque levels and correspondingly lower reconstruction
errors.

Quantitatively, the per-joint RMSE values in Table support the intended
analytical use of the model, with the largest residuals concentrated on proximal
joints where coupling and elastic compensation effects most strongly shape the
torque balance. Complementarily, Fig. illustrates the time-domain structure
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’ Static Identification

RMSE (Nm) SDE
Joint 1 13.03 12.54
Joint 2 32.73 25.59
Joint 3 82.59 74.14
Joint 4 4.11 3.07
Joint 5 3.75 3.73
Joint 6 0.75 0.52

Table 3.1: Static validation results of the industrial robot, reported as per-joint
RMSE values (Nm), and per-joint SDE (Standard Deviation of Error), computed
over quasi-static configurations.

of the residuals under dynamic excitation. These discrepancies remain consistent
across repeated trajectories and do not indicate instability or systematic bias in the
identified parameters, but rather reflect the simplifying assumptions adopted in the
rigid-body and friction modeling.

For dynamic validation, the thesis reports representative time-domain compar-
isons to emphasize residual structure and regime-dependent deviations, rather than
compressing performance into a single scalar metric.

3.5.2 Interpretation of Residual Errors

Despite the overall accuracy of the reconstructed torques, residual discrepancies
are observed for specific joints and motion regimes. These discrepancies are not
unexpected in industrial manipulators characterized by complex mechanical structures
and proprietary low-level control loops.

Several contributing factors can be identified. First, joint couplings introduce
torque redistribution effects that are difficult to model perfectly using lumped-
parameter formulations. Second, load-assisting springs generate configuration depen-
dent torques whose effective behavior may deviate from idealized models, particularly
in the presence of wear or unmodeled compliance. Third, friction phenomena exhibit
nonlinearities and hysteresis effects that are only approximated by the static and
viscous friction model adopted in (3.4]).

In particular, the observed residual discrepancies are consistent with the com-
bined effects of joint torque redistribution due to mechanical couplings, configuration-
dependent elastic contributions from load-compensation springs, and reducer-related
losses, whose simplified modeling represents a deliberate trade-off between physical
fidelity and analytical tractability within the scope of this chapter.

Importantly, these residual errors do not undermine the analytical role of the
identified model. The purpose of the model is not to achieve exact torque prediction
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Figure 3.3: Dynamic torque validation on a representative excitation trajectory. For
each joint, the measured joint torque 7;[k] (blue) is compared against the reconstructed
torque 7;[k] (red) computed from the identified model. The horizontal axis reports
the sample index k (uniform sampling), and torques are expressed in Nm.

under all operating conditions, but to provide a physically interpretable approximation
that captures the dominant dynamic contributions and enables meaningful validation
of interaction-related quantities.

3.5.3 Implications for Safety-Oriented Analysis

One of the key motivations for dynamic modeling in this dissertation is to support
the interpretation of physical quantities relevant to safety-oriented reasoning, such as
apparent inertia, kinetic energy, and power exchange. The validated dynamic model
provides a consistent mapping between joint-space variables and these quantities,
allowing analytical assessments that would otherwise rely on ad hoc assumptions or
overly conservative bounds.

Consistent with the architectural boundary established in Section the
safety mechanisms developed in subsequent chapters (whether based on speed and
separation monitoring or on power and force limiting) do not require the identified
model to function correctly. Safety enforcement is implemented using interaction-level
abstractions and measurable signals, ensuring robustness with respect to modeling
uncertainties. The identified model instead serves as a reference framework for
understanding how mechanical properties influence interaction behavior, rather than
as a real-time computational dependency.
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3.5.4 Limitations and Scope of Validity

The identification and validation results presented in this chapter are subject to
several limitations that must be acknowledged. The identified parameters are specific
to the considered robot configuration and may vary with changes in payload, wear,
or maintenance conditions. Furthermore, the identification procedure assumes rigid
links and neglects high-frequency elastic effects, which may become relevant under
aggressive motion profiles.

These limitations reinforce the architectural separation adopted in this disser-
tation. By avoiding reliance on accurate dynamic models for interaction control
and safety enforcement, the proposed programming and control frameworks remain
applicable even when model accuracy degrades. The dynamic model developed in
this chapter should therefore be interpreted as an analytical support tool, rather
than as a prerequisite for safe physical human-robot interaction.

3.5.5 Summary and Transition to Interaction Control

In summary, this chapter has presented the dynamic modeling, parameter identifica-
tion, and validation of a six-degree-of-freedom industrial manipulator. The identified
model demonstrates sufficient accuracy to support low-level torque compensation, an-
alytical validation, and physically grounded interpretation of interaction phenomena.
At the same time, its role is explicitly confined to analysis and validation, preserving
the independence of the interaction control strategies introduced in the following
chapters.

The next chapter builds upon this foundation by introducing admittance-based
physical interaction control under speed and separation monitoring constraints. In
contrast to the modeling-centric focus of the present chapter, the emphasis will
shift toward interaction regulation and safety enforcement using model-light, energy-
consistent control formulations.
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Chapter 4

Admittance-Based Lead-Through
Programming under
Distance-Based Safety Supervision

Safety scope note. The supervision strategy in this chapter is described
as SSM-inspired: human-robot geometric distance is used as the primary
variable to modulate interaction dynamics, drawing conceptually from
the Speed and Separation Monitoring (SSM) paradigm in ISO 10218 and
ISO/TS 15066. This does not imply ISO certification, compliance with the
specific safety functions mandated by those standards (e.g., safety-rated
monitored stop, certified stopping-distance computation), or readiness for
unprotected factory deployment. Any real-world industrial deployment
would require additional independently certified safety layers. This
boundary is maintained throughout the chapter and discussed explicitly
in Section .7

This chapter addresses the problem of safe and intuitive lead-through program-
ming of an industrial manipulator through physical human—robot interaction. The
considered scenario is deliberately non-collaborative in the sense of industrial safety
practice: the robot is a standard high-payload manipulator operating under the
safety requirements and integration constraints prescribed for industrial robots, where
sustained physical contact cannot be treated as an admissible mode of operation
and where the interaction layer must coexist with proprietary low-level control and
safety-certified hardware/software components [48, 49]. Within this setting, the
central technical question is not whether physical guidance is possible (it is) but
rather how it can be made (i) sufficiently transparent to be usable as a programming
modality, while (ii) remaining compatible with a distance-aware safety supervision
that discourages unsafe proximity without resorting to disruptive discrete actions.

The chapter is positioned as a direct conceptual continuation of Chapter 3.
There, the manipulator dynamic parameters were identified and validated to obtain
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a physically interpretable model of the plant. Here, that model is not elevated to a
functional dependency of the interaction controller. Instead, it plays an architectural
role that is both narrower and, in an industrial context, more defensible: (i) it
supports analysis and validation of interaction-related quantities (e.g., power/energy
consistency, mechanical loading, and physically meaningful safety metrics), and (ii)
it can be employed within the robot-side motion control stack as a feedforward
component, in combination with feedback regulation, to improve tracking of the
motion references generated by the interaction layer. In other words, dynamic
modeling is exploited to interpret and support the closed-loop behavior of the overall
pipeline, not to compute the admittance law itself.

From a safety standpoint, the chapter adopts a supervision logic grounded in
geometric separation. The relative spatial distance between the operator and the
robot is continuously estimated by an external perception system, and safety-relevant
constraints are derived as functions of such separation. This is aligned with the
philosophy of Speed and Separation Monitoring (SSM), where safety is achieved
by regulating the robot behavior based on human-robot distance and the ability
to maintain separation [49]. However, the implementation discussed here is not
a canonical SSM realization in the strict standards sense: rather than enforcing
safety through certified stopping-distance computation, safety-rated monitored stop,
or direct velocity scaling at the safety layer, the supervision acts by continuously
modulating the interaction dynamics. This choice is intentional. In lead-through
programming, abrupt velocity clamps or discrete stops can degrade usability, induce
discontinuities in the human-perceived dynamics, and paradoxically elicit compen-
satory operator behaviors (e.g., increased pushing) that are undesirable precisely
near proximity limits.

Concretely, safety supervision is integrated into the interaction layer by adapting
the parameters of a Cartesian admittance filter as a function of distance-derived
metrics. As the operator approaches the robot, the virtual inertia and damping of
the admittance model are reshaped so that the robot progressively becomes less
responsive to externally applied wrenches, limiting its kinetic interaction capability
while preserving continuity of motion and preserving the semantics of “guidance”
rather than “commanded motion inhibition.” This chapter focuses on this parame-
ter adaptation mechanism: how proximity information is converted into bounded,
continuous modifications of the admittance parameters, and how these modifications
propagate through the full industrial control chain.

A critical consequence of this design is that safety must be framed with conceptual
discipline. The adopted supervision is distance-aware and SSM-inspired, but it does
not claim ISO-certified SSM compliance because it does not implement the standard-
prescribed safety functions as such [49]. Likewise, it must not be conflated with
Power and Force Limiting (PFL): the robot is not treated as collaborative, the
safety logic is not grounded in contact tolerance, and the controller does not attempt
to guarantee injury-related bounds under collision [50]. The safety claim of this
chapter is therefore architectural and conditional: given a continuously available
and sufficiently conservative distance estimate, the interaction behavior is shaped
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Figure 4.1: Layered architecture for admittance-based lead-through programming
under distance-modulated energy-based safety supervision. Safety supervision modu-
lates interaction dynamics through parameter adaptation, while motion execution is
delegated to the robot low-level controller.

so as to discourage unsafe proximity and reduce the robot’s capacity to generate
rapid motion under human-applied forces, without relying on contact-based safety
assumptions.

Finally, the chapter makes explicit the separation of concerns that underpins
the whole dissertation: (i) the perception system estimates geometric quantities
(human pose abstraction and minimum human-robot distance), potentially relying
on efficient distance computations between geometric primitives [51]; (ii) the safety
supervisor maps these quantities into admissible interaction dynamics via bounded
parameter adaptation; (iii) the admittance controller maps human-applied wrenches
into smooth motion references; and (iv) the robot-side low-level controller executes
these references, optionally aided by model-based feedforward terms for tracking
quality [52].

4.1 Physical Lead-Through Programming as an
Interaction Problem

Physical lead-through programming aims at enabling an operator to specify robot
motion by directly guiding the manipulator through physical interaction. Unlike
conventional offline or teach-pendant-based programming, the desired trajectory is
not precomputed or explicitly parameterized, but instead emerges from a continuous
human-robot interaction process. From a control-theoretic standpoint, lead-through
programming is therefore not a tracking problem, but an interaction-driven trajectory
generation problem, in which externally applied forces must be interpreted as motion
intent in real time.
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This distinction has important consequences in an industrial context. The robot
is not free-floating, nor passively gravity-compensated, but remains fully actuated
and governed by an internal low-level controller at all times. As a result, the robot
does not simply “follow” the operator’s hands, but reacts to interaction forces through
a closed-loop control stack whose internal dynamics are only partially accessible.
Lead-through programming must therefore be realized as a supervisory interaction
layer that coexists with proprietary motion control, safety-certified subsystems, and
strict interface constraints.

Under these conditions, physical guidance can be formalized as the problem of
mapping human-applied interaction wrenches into admissible robot motion commands,
while simultaneously satisfying stability, usability, and safety requirements. Let
w € RS denote the wrench applied by the operator at the robot end-effector,
measured by a force/torque sensor and expressed in a Cartesian frame. The role of
the interaction controller is to transform w into a motion reference that reflects the
operator’s intent without amplifying measurement noise, inducing oscillations, or
producing abrupt or unintuitive robot responses.

Among classical interaction control strategies, admittance control is particularly
suited to this formulation. In an admittance-based approach, the robot is endowed
with a virtual mechanical behavior whose apparent inertia and damping define how
applied forces are converted into motion. The interaction controller thus specifies the
dynamic relationship between w and the resulting motion, while the execution of this
motion is delegated to the underlying robot controller. This separation is especially
advantageous for industrial manipulators, as it avoids any reliance on direct torque
control and can be implemented through standard motion command interfaces.

Crucially, in the context of lead-through programming, admittance control
provides a natural conceptual separation between interaction interpretation and
motion erecution. The admittance filter defines how compliant or resistive the
robot should feel to the operator, whereas the low-level controller ensures accurate
tracking of the generated motion references. Provided that the tracking performance
is sufficiently high, the interaction behavior can be shaped independently of the
robot’s internal dynamic model, control structure, or actuator technology.

However, admittance control alone does not resolve the safety problem inherent
to physical human-robot interaction. In particular, a fixed interaction behavior that
is comfortable and responsive during nominal operation may become unsafe when
the operator moves into close proximity with the robot structure. This is especially
critical for non-collaborative industrial manipulators, where physical contact cannot
be assumed to be intrinsically safe and must be actively discouraged.

For this reason, the interaction problem addressed in this chapter is intrinsically
coupled with a distance-modulated energy-based safety supervision mechanism.
Rather than enforcing safety through discrete actions such as motion inhibition or
velocity clamping, the proposed architecture integrates safety into the interaction
layer by modulating the admittance parameters as a function of proximity-related
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metrics. As illustrated in Fig. [4.1], safety supervision operates as an external layer that
observes the interaction context and continuously reshapes the admissible interaction
dynamics, while leaving the structure of the interaction controller unchanged.

This layered interpretation is fundamental for the developments that follow.
Lead-through programming is treated here as a dynamic interaction process whose
properties depend not only on the applied forces, but also on the spatial relationship
between human and robot and on the ability of the control system to regulate
responsiveness accordingly. The next section formalizes the admittance control
law adopted in this work, establishing a precise interface through which distance-
modulated energy-based safety supervision can act on the interaction dynamics.

4.2 Admittance Control Formulation for Indus-
trial Lead-Through Programming

The interaction problem formulated in Section requires a control law capable
of converting human-applied wrenches into smooth, predictable robot motion while
remaining compatible with the constraints of industrial control architectures. In this
chapter, this role is fulfilled by a Cartesian admittance controller implemented as a
supervisory interaction layer, which generates motion references to be tracked by the
robot low-level controller.

Let « € R® denote the Cartesian pose of the robot end-effector, expressed as
the concatenation of position and orientation coordinates, and let &, & € R® denote
the corresponding Cartesian velocity and acceleration. The interaction between the
human operator and the robot is modeled through the following admittance relation:

M, & + D, & = w, (4.1)

where w € R is the wrench applied by the operator at the end-effector, and M,, D, €
R%*6 are virtual inertia and damping matrices defining the desired interaction
dynamics.

Equation describes a wvirtual mechanical system that does not correspond
to the physical dynamics of the manipulator. Instead, it specifies how externally
applied forces should be interpreted as motion intent at the human-robot interface.
The matrices M, and D, are design parameters that regulate the apparent mass
and dissipation perceived by the operator during lead-through programming. Lower
values promote transparency and ease of guidance, whereas higher values yield a
more resistive and conservative interaction behavior.

The output of the admittance model is a Cartesian motion signal, typically
expressed as a velocity reference &, € R, obtained by numerical integration of (4.1]).
This reference is subsequently mapped into joint-space motion commands (q,.,q,.,q,)
through differential inverse kinematics and transmitted to the robot controller for
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execution. At no stage does the admittance controller compute joint torques or
require explicit knowledge of the robot inertial, Coriolis, or gravitational parameters.

This architectural choice is deliberate and fundamental. Although a dynamic
model of the robot has been identified and validated in Chapter 3, the admittance
controller formulated here is model-independent: its structure and operation do not
depend on the availability or accuracy of such a model. The role of the admittance
layer is strictly confined to shaping the interaction behavior, while the physical
realization of the commanded motion is delegated to the proprietary low-level
controller of the industrial manipulator.

At the same time, the identified dynamic model is not discarded. Within the
robot-side control stack, it can be employed to augment motion tracking performance
through feedforward compensation. In particular, joint-space feedforward torques of
the form

76 = B(q) 4, + C(q,9) q, +9(q) + 74(q), (4.2)

where g, denotes the joint-space reference associated with @,, may be combined
with feedback regulation to improve tracking accuracy and transparency. Crucially,
this feedforward action is confined to the low-level controller and does not alter the
admittance law in . The dynamic model thus supports execution quality and
physical consistency without becoming a functional dependency of the interaction
controller.

In the context of this chapter, the admittance parameters M, and D, are
not treated as fixed quantities. Instead, they are regarded as time-varying design
variables whose values can be adapted online in response to safety-related constraints
derived from the interaction context. The explicit formulation in provides a
well-defined and physically interpretable interface through which distance-modulated
energy-based safety supervision can act on the interaction dynamics. The definition
of such constraints and the corresponding parameter adaptation mechanisms are
introduced in the next section.

4.3 Passivity Preservation Under Time-Varying
Admittance via Energy Tanks

The safety supervision strategy introduced in this chapter relies on the online
adaptation of the Cartesian admittance parameters. While constant-parameter
admittance is passive under standard definiteness assumptions, time variations of the
(virtual) inertia matrix may inject energy into the interaction port, compromising
passivity and potentially inducing unstable or unintuitive behavior. This section
therefore introduces an energy-tank mechanism that enforces passivity of the variable-
admittance mapping by explicitly accounting for (i) energy dissipated by damping
and (ii) energy that can be injected by inertia variations.
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We denote the time-varying admittance parameters as M, (¢) and D,(¢). The
admittance relation is

M, (t) & + D, (t) & = w, (4.3)

where (w, &) defines the interaction power port.

4.3.1 Enmnergy Tank: State, Storage Function, and Power
Balance

The energy tank is defined by a scalar state x; € R, with storage function

1
T(x;) = gmf, xp > 0, (4.4)
whose time derivative is
@) = Sy = myd (45)
Ty) = —Tp = T4 Ty )
t axt t t 4t

The tank dynamics are defined so that the tank is replenished by dissipated power
and depleted by the power that may be injected by inertia variations:

) 1
UEt:x—(SﬂpD—’YPM)- (4.6)
t

The terms Pp and Py, are defined as

Pp =2'D,(t) z, (4.7)
Py = % £ M, (t) . (4.8)

The scalar gates ¢,y € {0,1} prevent unbounded tank growth and avoid tank
depletion:

(4.9)

_ 17 T('Tt) < TmaX7 . ]-7 T(It) > Tmin7
v 07 T(xt) Z Tmax7 e Oa T<xt> S Tmina

with prescribed bounds 0 < Thin < Tinax-

4.3.2 Passivity Constraint and Admissible Inertia Variation

The interaction port is defined by the pair (w, &) and the corresponding instantaneous
power
Pog = w '@ (4.10)

For constant parameters, the standard storage function associated with the virtual
inertia is %d;TMa(t) @ and the damping term dissipates power. When M, () varies
with time, the term P, in captures the portion of power that can be injected
by inertia variations. The energy-tank construction enforces passivity by requiring
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that any potentially active contribution (through P/) is “paid for” by the tank,
while dissipated power Pp replenishes it (subject to Tijax)-

Since M,(t) is diagonal, it is possible to obtain, as shown in [15], an upper
bound for each diagonal element of the maximum admissible inertia variation that
guarantees the preservation of the passivity condition, derived in discrete time
assuming constant velocity over At:

. QWZ(T — Tmin)
i At

i,nax

mPaSS (t)

(2

Vi={1,...,6}, (4.11)

where m!**(t) € R represents the inertia matrix variation for the i-th diagonal ele-

ment and &; ., € R represents the velocity bound of the i-th Cartesian component,
which can be estimated offline from conservative bounds on end-effector velocities
under nominal lead-through conditions. Lastly, w; € RT denotes the weights used to
distribute the energy available in the tank across the six DOFs of robot motion, and
they are designed such that:

6
Zwi =1. (4.12)
=1

For simplicity, all the variations can be stored in a single diagonal matrix:

- _pass

MP™(t) = diag (m2*5(1), ..., 2™ (1). (4.13)

a

Depending on the energy stored in the tank, each diagonal component of mP*(¢)
may reach large values. In practice, this is translated into a significant energy injection
even if the system remains passive. To prevent such situations, the actual variation
is defined as:

. - _pass U

MP5 () = diag min (Mp (t), M (t)) (4.14)
. . . .. U

where diag_min (-, -) computes the diagonal element-wise minimum and M (t) €

R%6 is a diagonal matrix containing, for each element, the chosen maximum threshold

designed to limit excessive energy injection.

The equation

ML (f) < M, (1) (4.15)

a,max

guarantees that the energy that could be injected by inertia variation remains
compatible with the tank level (i.e., inertia can only be increased as long as the tank
can supply the required energy while staying above Ty,i,). When T'(t) — Tiin, the
admissible M, (t) tends to zero, effectively freezing inertia increases until the tank is
replenished via Pp.

Interpretation in the present chapter. The energy tank does not provide
a collision-injury guarantee and it is not a PFL mechanism; its role is strictly
to preserve passivity of the interaction mapping under time-varying admittance
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parameters. Architecturally, the tank acts as a passivity supervisor that sits between
the safety-driven parameter adaptation law (which requests changes in M, (t), D,(t))
and the actual applied parameters, enforcing (4.9)-(4.15) to maintain energetic
consistency during lead-through programming on an industrial robot.

4.4 Vision-Based Human State Estimation and
Geometric Interface

The safety supervision mechanisms introduced in this chapter rely on the availability
of geometric information describing the spatial relationship between the human
operator and the robot. In the proposed architecture, this information is provided by
an external vision-based perception system, which operates independently from the
interaction controller and the robot low-level control stack. The role of perception
is strictly delimited: it does not perform safety decisions, nor does it directly
influence robot motion. Instead, it supplies a geometric abstraction of the human—
robot configuration that constitutes the input to the constraint evaluation pipeline
described in the next section.

This section formalizes the perception-to-supervision interface by specifying (i)
how the human and robot are geometrically represented, (ii) how intentional contact
inherent to hand-guiding is accounted for, and (iii) which geometric quantities are
exposed to the safety supervision layer.

4.4.1 Human and Robot Geometric Abstraction

The perception system reconstructs the human operator configuration from visual
data, typically in the form of a tracked skeletal model composed of keypoints and
articulated segments. To enable real-time safety supervision, this representation is
converted into a set of conservative geometric primitives. Let

H - {hhhg,...,hNH}

denote the set of human-associated geometric primitives, where each primitive h;
is modeled as a capsule defined by a skeletal segment and an associated radius
accounting for sensor noise, clothing, and modeling uncertainty.

Similarly, the robot is represented by a set of geometric primitives

R:{Tl,T’Q,...,TNR},

each corresponding to a link-level volumetric approximation derived from the robot
kinematic model or CAD data. The abstraction is constructed so as to conservatively
bound the physical volume occupied by the robot throughout its motion, accounting
for calibration tolerances and joint motion.
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The use of primitive-based abstractions ensures computational efficiency and
robustness, while preserving the ability to evaluate proximity relations in a geometri-
cally meaningful way.

4.4.2 Intentional Contact and Selective Human Modeling

A defining characteristic of lead-through programming is that physical contact
between the operator and the robot is intentional and continuous. The operator
applies forces directly at the end-effector or at a dedicated guiding interface, and
such contact is not only admissible but required for task execution. Consequently,
the minimum geometric distance between the human and the robot cannot be
interpreted globally as a collision-avoidance metric, since portions of the human body
are expected to be in persistent contact with the robot during nominal operation.

To account for this condition, the human geometric abstraction is constructed
selectively. Body segments that are directly involved in hand-guiding (such as hands
and forearms) are explicitly excluded from the set H used for safety supervision.
Including these segments would trivially lead to zero-distance conditions that are
not indicative of hazardous proximity and would undermine the interpretability of
distance-based metrics.

The resulting set H therefore represents only those human body parts whose
proximity to the robot is unintended and potentially unsafe, such as the torso
and head. Under this selective abstraction, geometric distance is interpreted as
a measure of unintended proximity, rather than as an indicator of contact per se.
This distinction is essential to reconcile distance-aware supervision with intentional
physical interaction. A conceptual example of the human and robot geometric
abstractions employed for distance computation is shown in Fig. [£.2]

4.4.3 Minimum-Distance and Closest-Point Computation

Given the sets of geometric primitives H and R, the perception system evaluates
the pairwise distances between all human-robot primitive pairs. For each pair
(h,r) € H x R, a closest-point routine computes the Euclidean distance dy, together
with the corresponding closest points p, € R? and p, € R3.

The minimum human-robot distance is then defined as

d= min dj,, (4.16)
heH, reR

and the full set of pairwise distances is collected as
D={dy |heH, reR}. (4.17)
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Figure 4.2: Example of geometric abstraction for distance-based supervision. (a)
Example of the simulation; (b) The operator is represented by a set of capsule
primitives derived from the tracked skeleton, while the robot is approximated by
link primitives consistent with its kinematic structure. The minimum distance d is
evaluated as the smallest separation between any primitive pair (h,r) € H x R.

In the implemented system, distance and closest-point computations are per-
formed using a convex distance algorithm based on the Gilbert—Johnson—Keerthi
(GJK) method, which provides both the minimum distance and the associated closest-
point pair in real time. The GJK routine is applied independently to each primitive
pair and executed at the perception update rate.

Algorithm [I] summarizes the distance computation procedure executed at each
perception update cycle.

Pairwise distances dj, (and their minimum d as a diagnostic) are used to
modulate the contribution of motion-related safety metrics.

In addition to scalar distances, the safety supervision layer requires the unit
vector along the minimum-distance direction, defined as

D, — Dy
—’ pT‘ %p )
nne =4 1P, = 2yl " (4.18)

0, otherwise.

This direction provides a physically interpretable axis along which relative motion
and kinetic-energy metrics are later evaluated.
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Algorithm 1 Minimum human-robot distance computation (pairwise GJK)
: Inputs: H, R
: Outputs: D and (optionally) closest points for each pair
: D+ (Z)
: for all h € H do
for all r € R do
(dnr, Py, P,) < GJKdistance(h, r)
D+ DuU {dhr}
end for
end for
. d + min(D)

© P gy

—
o

4.4.4 Perception-to-Supervision Interface

The perception system delivers to the safety supervision layer a limited and well-
defined set of geometric quantities:

the sets of geometric primitives H and R,

the pairwise distances dj, and the minimum distance d,

the closest-point pairs (py,, p,.) associated with each dp.,

the unit vectors ny, along the minimum-distance directions.

These quantities constitute the complete interface between perception and safety
supervision. Importantly, the perception system does not perform any thresholding,
scaling, or decision-making related to safety. All safety-relevant logic (such as con-
straint evaluation, distance modulation, and parameter adaptation) is implemented
deterministically within the supervision layer described in the next section.

4.4.5 Uncertainty and Conservativeness

Vision-based human state estimation is inherently subject to uncertainty arising
from sensor noise, occlusions, and limited field of view. Rather than attempting to
eliminate these uncertainties through complex estimation techniques, the proposed
architecture addresses them structurally through conservative modeling choices.
Capsule radii are selected to upper-bound plausible human body occupancy, and
robot primitives are inflated to account for calibration and kinematic uncertainties.

As a result, distance estimates produced by the perception system tend to
underestimate, rather than overestimate, the true separation between human and
robot. This conservative bias is appropriate for safety supervision, as it leads to
earlier activation of constraint-based adaptations without relying on hard distance
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thresholds. Crucially, perception uncertainty affects the interaction behavior only
through explicit geometric quantities and does not introduce hidden couplings into
the interaction controller.

This completes the definition of the geometric interface required by the safety
supervision layer. Building on these inputs, the next section introduces the distance-
and energy-based safety metrics and formalizes the constraint evaluation and param-
eter adaptation mechanisms used to regulate the interaction dynamics.

4.5 Safety Metrics and Constraint-Based Admit-
tance Parameter Adaptation

This section formalizes the safety supervision layer by defining the safety metrics
and constraints used to modulate the admittance parameters during lead-through
programming. The adopted strategy relies on a single, physically grounded constraint
based on relative kinetic energy, whose influence is continuously modulated by
geometric proximity. Distance is not treated as an independent or competing safety
constraint, but rather as a contextual variable that regulates the severity of motion-
related risk as unintended human-robot proximity increases.

4.5.1 Relative Kinetic-Energy Constraint with Distance Mod-
ulation

Geometric separation alone is insufficient to characterize risk during lead-through
programming, particularly in the presence of intentional physical contact. Conversely,
motion-related quantities such as kinetic energy lack contextual awareness if evaluated
independently of proximity. For this reason, the supervision strategy adopted in
this chapter employs a single kinetic-energy—based constraint, whose influence is
continuously modulated by distance.

The kinetic-energy metric is evaluated along the closest-point direction and
employs the identified robot dynamics through the inertia matrix B(q). For each
pair (h,r) € H X R, let ny, € R3 be the unit vector directed along the closest-point
direction at the closest points. Let J2(q) € R3*® denote the translational Jacobian
associated with the robot primitive r.

An equivalent mass along ny, is computed as
_ -1
mue = (n,37(q) B~ (@) I2(q) "nr) (4.19)
and the corresponding relative velocity component is
v = 3, 32(q) 4. (4.20)
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Algorithm 2 Kinetic-energy constraint evaluation (distance-modulated, model-
based)

1: Inputs: q, q, H, R, p;, P,

2: Parameters: ki, ko, Chax

3: Outputs: SC.

4: SC,. + 0

5: for all h € H do

6: for all r € R do

7 Compute dj, and direction ny,.
8: My — (n;rJff B-tJrT nhT)_l
9: Vpy $— RZTJ;D q

10: Chy %mhrz}fw

11: k < 1 — tanh(kidp, + ko)

12: SCC,hT — Cmax — k- Chr

13: SC.+ SC.U{SC.p.}

14: end for
15: end for

The relative kinetic energy is then defined as

1
C}W = émhrvfw. (421)

Distance is used to regulate the influence of kinetic energy through a smooth,
monotonic modulation function

k(dp) = 1 — tanh(kydp, + ko) | (4.22)

where ki, ky € R are shaping parameters. The function k(dp,) is designed such
that its contribution is negligible at large distances and increases smoothly as dj,
decreases, ensuring that kinetic-energy—based supervision is progressively activated
only in close-proximity conditions.

Let Chax € Ry denote an admissible bound for the distance-modulated relative
kinetic energy. The corresponding constraint is defined as

SCc,hr = Omax - k(dhr) Chr7 (423)
and the kinetic-energy constraint set is

SC.={SC.pr |heH, € R}. (4.24)

Algorithm [2] summarizes the constraint computation.
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4.5.2 Worst-Case Extraction, Scaling, and Parameter Up-
date

The kinetic-energy constraint set SC. is reduced to a worst-case value by selecting
its minimum element,

SC™» = min  SC,p,. (4.25)

heH, reR

which represents the most critical human-robot configuration at the current time.
The worst-case constraint SC™® corresponds to the critical pair

h*,r*) = i : 4.2
( T ) arg hEr’}?,ITnER SCc,hr ( 6)

This value is saturated within prescribed bounds [SC!, SCY] and mapped into a
normalized scaling coefficient

_Somn - 50!

= Scr—sa (4.27)

ensuring « € [0, 1].

The scaling coefficient a does not directly define a velocity limit or a stopping
action. Instead, it parameterizes a continuous reshaping of the interaction dynamics
by interpolating the admittance matrices between two empirically selected operating
regimes. Specifically, M Dmin € R*6 denote the nominal admittance parameters
tuned to achieve high transparency and comfortable hand-guiding during normal
lead-through operation, while M Dmax ¢ R6X6 denote a conservative parameter
set corresponding to a heavily damped, high apparent inertia behavior intended to
reduce the robot responsiveness in critical conditions.

These bounds were selected empirically through iterative tuning on the target
industrial platform. The tuning process aimed to satisfy three practical requirements:
(i) the nominal set (M™" D™") should yield a predictable and low-effort guidance
feel without oscillations under typical operator inputs; (ii) the conservative set
(Mpax Dmax) should significantly attenuate the motion response to the same inputs
while preserving continuity of interaction (i.e., avoiding abrupt “freezing” or stick—
slip effects perceived by the operator); and (iii) intermediate values produced by
interpolation should remain stable and well-conditioned when executed through
the industrial low-level motion controller. In the implementation, these matrices
were chosen diagonal to decouple translational and rotational axes and to simplify
empirical tuning, although the framework does not require this restriction.

M, = MP™ + o (M2 — M) | D, = D™ 4 o (D" — D). (4.28)

As « increases, corresponding to increasing distance-modulated kinetic energy,
the admittance parameters are driven toward conservative values, reducing the
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Algorithm 3 Constraint-based scaling and admittance parameter update

Inputs: SC.

Parameters: SCY, SC!, bounds on M,, D,
SC™in ¢ min(SC.)

Saturate SC™n in [SC! SCY]

scmin = gt

SCU — 501

6: M, « MM 4+ o (Mmax — Vi)

7. D, « DI 4+ o(Dpax — Dmin)

5 <

robot’s responsiveness to externally applied wrenches. Conversely, when the kinetic-
energy constraint is inactive, a approaches zero and the interaction behavior returns
smoothly to its nominal, highly transparent configuration.

Algorithm [3| summarizes the complete scaling and parameter update procedure.

This strategy yields a continuous, bounded, and physically interpretable adapta-
tion mechanism. The dynamic model affects supervision only through the computa-
tion of the equivalent mass in , providing a principled measure of motion-related
risk without introducing a functional dependency between the interaction control
law and inverse dynamics.

4.6 Experimental Validation of Constraint-Based
Lead-Through Programming

This section presents the experimental validation of the proposed lead-through
programming framework, with the objective of assessing the practical impact of the
constraint-based safety supervision strategy introduced in Sections and The
validation does not aim to demonstrate certified safety compliance, nor to benchmark
optimal performance; rather, it seeks to verify that the interaction dynamics, safety
metrics, and parameter adaptation mechanisms behave coherently when deployed on
a real industrial platform and subjected to representative human guidance actions.

In particular, the validation focuses on three aspects: (i) the evolution of energy-
based safety constraints during physical interaction, (ii) the resulting adaptation of
admittance parameters, and (iii) the qualitative interaction behavior perceived by
the operator during lead-through programming.

4.6.1 Experimental Setup and System Configuration

The experimental setup consists of an industrial manipulator equipped with an
end-effector force/torque sensor and operating within a robot cell instrumented with
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Figure 4.3: Control architecture for admittance-based lead-through programming
under constraint-based safety supervision. The perception system provides geometric
abstractions to the safety layer, which adapts admittance parameters without directly
commanding robot motion.

Table 4.1: Main parameters used in experimental validation.

Category Parameter Value

Admittance Mmin {15.0,15.0,15.0,1.5,1.5,1.5}
Admittance Mpax {30.0,30.0,30.0,3.0,3.0,3.0}
Admittance Dmin {60.0,60.0,60.0,6.0,6.0,6.0}
Admittance Dax {120.0,120.0,120.0,12.0,12.0,12.0}
Distance modulation £y, ks 8.0,-3.5

an external vision system for human state estimation. The admittance controller
runs as a supervisory module and generates Cartesian velocity references, which
are tracked by the robot’s internal low-level controller. The safety supervision layer
operates in parallel, receiving geometric information from the perception module
and dynamically adapting the admittance parameters according to the constraint
evaluation pipeline described in Section [4.5]

A schematic overview of the control architecture is shown in Fig. [£.3] The figure
highlights the separation between perception, safety supervision, interaction control,
and low-level motion execution, which is a central design principle of the proposed
framework.

Key parameters of the experimental configuration, including nominal and conser-
vative admittance bounds and distance-modulation parameters, are summarized in
Table 4.1} This table fixes the operating conditions under which the results presented
in the following subsections were obtained.
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4.6.2 Validation Protocol

The validation protocol is designed to elicit a wide spectrum of interaction conditions
while remaining representative of realistic lead-through programming scenarios.
During each trial, the operator physically guides the robot along predefined paths
within the workspace, combining straight segments and curved motions, while
naturally varying both proximity to the robot structure and interaction intensity. No
explicit constraints are imposed on speed or distance, so as to preserve an intuitive
and unconstrained interaction style and to allow safety-relevant conditions to emerge
organically.

Each experimental run logs, in a time-synchronized manner, the quantities
required to reconstruct the full perception—supervision—interaction pipeline. In
particular, the following signals are recorded: (i) the adapted admittance parameters
(scalar summaries of inertia and damping), (ii) the global scaling coefficient «
resulting from constraint evaluation, (iii) the distance-modulated relative kinetic
energy k(dp,) Cy, associated with the critical human-robot primitive pair, and (iv)
the minimum human-robot distance d, reported as a global proximity diagnostic.

Representative time histories of these quantities are reported in Fig. 4.4} The
figure is deliberately organized to reflect the causal structure of the proposed frame-
work rather than to provide a statistical characterization. From top to bottom, it
illustrates how changes in the interaction context and proximity give rise to variations
in the distance-modulated kinetic-energy metric, how these variations activate the
safety supervision through the scaling coefficient a;, and how the resulting supervi-
sory action manifests as continuous adaptation of the admittance parameters. The
minimum distance d is included to contextualize the interaction but does not directly
drive the adaptation.

4.6.3 Behavior of Distance Modulation and Energy Con-
straints

The experimental results confirm that when the operator remains at moderate
distances, the modulation function k(dp,.) significantly attenuates the contribution
of kinetic energy, resulting in negligible constraint activation even in the presence of
nonzero robot velocity. In these conditions, the admittance parameters remain close
to their nominal values and the robot exhibits high transparency.

As the operator approaches the robot, the reduction in dj, increases the gain
k(dp,), thereby amplifying the contribution of relative kinetic energy to the constraint
evaluation. This mechanism causes the energy-based constraint SC™" to become
active earlier than a simple distance-based threshold strategy would, effectively
penalizing faster motions in close-proximity conditions without enforcing abrupt
motion inhibition. This behavior is consistent across repeated trials and different
operator interaction styles.
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Figure 4.4: Representative time histories during lead-through programming, illus-
trating the causal chain from safety supervision to interaction behavior: adapted
admittance parameters (inertia and damping), resulting scaling coefficient «, distance-
modulated relative kinetic energy k(dp,.) C, for the critical human-robot pair, and
minimum human-robot distance d (global diagnostic).
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Table 4.2: Qualitative interaction behavior observed during experimental validation.

Condition Constraint activation Perceived behavior
Large distance, low speed None High transparency
Moderate distance, higher speed Energy-modulated Increased damping
Close proximity Strong modulation Resistive interaction

Importantly, the experimental data corroborate the design choice of using
distance to modulate the kinetic-energy constraint rather than directly competing
with it. In preliminary configurations (not reported here), a direct worst-case
selection between distance- and energy-based constraints led to overly conservative
behavior, with persistent parameter adaptation even at low interaction speeds. The
adopted modulation strategy mitigates this effect while preserving sensitivity to both
proximity and motion intensity.

While the minimum distance d = mingey, rer dp, is reported as a global proximity
diagnostic, the supervision acts on the critical primitive pair (h*, r*) defined in (4.26)),
which is not necessarily the same pair achieving the minimum distance.

4.6.4 Admittance Parameter Adaptation and Interaction
Feel

The evolution of the scaling coefficient o and the corresponding admittance parame-
ters demonstrates that the adaptation mechanism operates smoothly and without
discontinuities. As shown in Fig. [4.4] increases in « correlate with reductions in
minimum distance and increases in distance-modulated kinetic energy, resulting in
higher apparent inertia and damping.

From the operator’s perspective, this manifests as a progressive increase in
resistance and damping when approaching the robot or inducing faster motions,
rather than as sudden stops or unpredictable behavior. No oscillatory or unstable
interaction was observed during the experiments, even in conditions of repeated
approach and withdrawal, indicating that the parameter adaptation preserves stability
of the overall interaction loop.

A qualitative summary of observed interaction behaviors under different prox-
imity and motion conditions is reported in Table [£.2] This table emphasizes the
experiential aspect of lead-through programming, which is central to the usability of
the proposed approach.
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4.6.5 Discussion of Experimental Results

The experimental validation supports the central claim of this chapter: that safe
and intuitive lead-through programming can be achieved on industrial robots by
embedding safety supervision into the interaction dynamics through constraint-
based admittance parameter adaptation. The combined use of geometric distance
and model-based kinetic energy provides a physically interpretable and practically
effective means of anticipating unsafe conditions without relying on contact-based
safety paradigms or discrete stopping actions.

At the same time, the results highlight the importance of careful constraint
design and tuning. The role of distance as a modulation factor, rather than as
a competing constraint, emerges as a key insight for maintaining usability while
enforcing conservative behavior in proximity. These findings motivate the transition,
in the next chapter, toward safety paradigms that explicitly incorporate energy
exchange and passivity guarantees in collaborative robotic systems.

4.7 Discussion, Scope, and Limitations

This chapter has addressed the problem of safe and intuitive lead-through program-
ming of an industrial manipulator through physical human-robot interaction, under
the explicit assumption that intentional contact between the operator and the robot
is intrinsic to the task. Within this setting, safety cannot be enforced through contact
avoidance alone, nor through paradigms that presuppose intrinsically collaborative
hardware. Instead, safety has been framed as an emergent property of the interaction
dynamics, shaped by external supervision and conservative modulation of the robot’s
response to human-applied forces.

4.7.1 Interpretation of the Safety Paradigm

A first point that merits clarification concerns the nature of the adopted safety
paradigm. The supervision strategy developed in this chapter is distance-aware and
model-informed, but it is neither a certified implementation of Speed and Separation
Monitoring nor a Power and Force Limiting scheme. Distance information is used to
characterize unintended proximity between the robot and non-interacting parts of the
operator’s body, while intentional contact at the hand-guiding interface is explicitly
allowed and excluded from distance computation. As a result, the minimum distance
d should not be interpreted as a collision-avoidance margin in the classical sense, but
as a contextual variable that modulates the admissible interaction dynamics.

Similarly, the kinetic-energy metric introduced in Section does not constitute
an injury criterion. It provides a physically grounded measure of motion-related
risk, derived from the identified robot inertia matrix, and is employed solely to
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constrain the aggressiveness of the interaction response. No claim is made regarding
biomechanical injury thresholds, pain limits, or post-impact safety. This distinction is
essential to avoid conflating the present framework with collaborative safety standards
that rely on fundamentally different assumptions.

4.7.2 Distance Modulation versus Distance Domination

An important insight emerging from the experimental validation concerns the inter-
action between distance- and energy-based constraints. While an initial worst-case
combination of the two constraints is conceptually appealing, it was found to be
overly conservative in practice, leading to persistent parameter adaptation even in
benign interaction conditions. The adopted strategy (using distance to modulate the
contribution of kinetic energy rather than to compete with it directly) represents a
pragmatic compromise between sensitivity and usability.

This design choice highlights a broader point: in hand-guiding tasks, distance
alone is an insufficient proxy for risk, especially when intentional contact is present.
Conversely, energy-based metrics alone may fail to capture contextual aspects of
proximity. The combined, hierarchical use of these metrics reflects the structure of
the task and the industrial constraints under which it is performed.

4.7.3 Architectural Separation and Industrial Compatibility

Throughout the chapter, a strict separation has been maintained between percep-
tion, safety supervision, interaction control, and low-level motion execution. This
architectural discipline is not merely an implementation detail; it underpins the
interpretability and extensibility of the proposed framework. Vision-based perception
provides geometric information without issuing control commands. Safety supervision
evaluates explicit, inspectable constraints and modulates interaction parameters.
The admittance controller interprets human intent through a virtual mechanical
model, while the industrial robot controller remains responsible for motion tracking
and low-level stability.

Such separation is particularly relevant in industrial contexts, where modifi-
cations to certified control layers are often infeasible. By confining safety-related
adaptations to a supervisory layer and avoiding direct intervention on motion com-
mands, the framework remains compatible with existing industrial robots while
enabling richer forms of physical programming.
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4.7.4 Limitations and Outlook

Despite its effectiveness in the considered scenario, the proposed approach has clear
limitations. It does not provide formal safety guarantees in the sense of ISO-certified
SSM or PFL, nor does it address post-contact impact mitigation. Its validity relies on
conservative geometric modeling, appropriate parameter tuning, and the reliability
of the perception system. Moreover, the focus on hand-guiding tasks limits its
applicability to scenarios where intentional contact is localized and well understood.

These limitations are not shortcomings of the implementation, but rather reflec-
tions of the chosen scope. The framework is designed to support safe and intuitive
programming of industrial robots through physical interaction, not to replace collab-
orative safety standards or to enable unrestricted human-robot coexistence.

Crucially, the insights gained in this chapter motivate the transition to more
expressive safety paradigms. In particular, scenarios involving sustained close proxim-
ity, shared manipulation, or contact-rich interaction require explicit reasoning about
energy exchange and passivity. The next chapter builds on the experience developed
here by moving toward energy-based safety strategies and Power and Force Limiting
concepts in collaborative robotic systems, where the boundaries between interaction
control and safety are inherently different.
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Chapter 5

Energy-Based Variable Admittance
Control for Collaborative Robotics

The adaptive admittance strategies developed in Chapter 4 were conceived within
an industrial context in which physical interaction between human and robot is
allowed only under strict supervisory conditions. In that setting, safety is enforced
externally through distance-aware monitoring mechanisms inspired by Speed and
Separation Monitoring (SSM), while the admittance controller serves exclusively as
an interaction interface for intuitive trajectory teaching. Contact is neither intended
nor tolerated, and any proximity-related risk is mitigated by modulating the robot
motion as a function of spatial separation. This paradigm is well aligned with the
constraints of non-collaborative industrial manipulators and with existing industrial
safety practices governed by ISO 10218 [53, |54].

Collaborative robotics introduces a fundamentally different interaction regime.
In Power and Force Limiting (PFL) scenarios, physical contact between the human
and the robot is not only admissible but explicitly anticipated as part of normal
operation. Safety is no longer achieved by preventing contact through spatial
separation; instead, it is ensured by limiting the mechanical energy, forces, and
pressures exchanged during interaction in accordance with human tolerance thresholds
defined by ISO/TS 15066 [50]. As a consequence, safety can no longer be treated as
an external supervisory layer acting on robot motion. Rather, it becomes an intrinsic
property of the interaction dynamics themselves.

This shift has profound implications for the role of admittance control. Un-
der SSM-inspired supervision, admittance parameters primarily affect interaction
transparency and operator effort, while safety is guaranteed by motion scaling or
interruption triggered by distance-based criteria. In contrast, under PFL, the admit-
tance parameters directly shape the robot’s apparent mechanical behavior during
contact, thereby influencing the amount of kinetic energy that can be transferred to
the human. In this context, inertia and damping are no longer neutral tuning pa-
rameters but safety-critical quantities whose values must be continuously compatible
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with the admissible interaction energy.

The present chapter addresses this conceptual transition explicitly. Rather than
extending the distance-modulated framework of Chapter 4, it replaces the underlying
safety paradigm with an energy-based formulation rooted in PFL. The admittance
controller remains the central interaction interface, but its adaptive mechanisms
are redesigned so that safety constraints are enforced intrinsically through energy
reasoning, rather than extrinsically through distance supervision.

By reframing safety as an energetic feasibility problem, this chapter establishes
the foundation for a unified treatment of stability, interaction quality, and safety
within the admittance control framework. The following sections formalize this
problem by deriving the PFL energy constraint, exposing the coupling between
admittance parameters and apparent mass, and introducing two distinct solution
paradigms (algorithmic and optimization-based) for adapting admittance parameters
under explicit safety constraints.

5.1 Power and Force Limiting as an Energy Con-
straint

Power and Force Limiting (PFL) defines safety in collaborative robotics by bounding
the mechanical interaction between human and robot to levels that are physiologically
tolerable. Unlike distance-based paradigms, PFL explicitly admits physical contact
and regulates its consequences by constraining the forces, pressures, and energies
exchanged during interaction. Among these quantities, energy provides a compact
and physically grounded abstraction that captures, in a single scalar inequality, the
coupled effects of relative motion and effective inertial properties. For this reason,
energy-based formulations of PFL are widely adopted in physical human-robot
interaction (pHRI) [1, 4] and are formalized in ISO/TS 15066 [50].

5.1.1 Transferred-energy bound in ISO/TS 15066

A central quantity in PFL is the energy transferred during a potential inelastic
collision between the robot and a human body part. Under commonly adopted
impact assumptions, the kinetic energy dissipated during such an event can be
expressed with the scalar AK, € R>:

1 m,my

AK, = =
2 m, +my

Hx.Rn"’"x'HnHQv (5-1)
where m, € R.( denotes the robot apparent mass along the direction of impact,
my € Ry is the equivalent mass of the involved human body part, and g, € R
and Zg, € R are the signed projected velocities along n, defined so that ig, + g,
equals the relative closing speed (see Section [5.1.2)).
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The PFL requirement imposes the inequality
AK, < EFTL (5.2)

max ?

EPYL ¢ R, is the maximum admissible transferred energy specified by

where E
ISO/TS 15066 for a given body region and contact scenario. In particular, EP¥L
can be computed from the maximum allowable contact force Fi.. € R-g and the

effective stiffness k € R of the considered body part:

2 A2p?
EPFL _ _max __ max 5.3

max 2k 2k (5:3)

where A € R is the contact area and py.x € Ry is the maximum allowable

pressure. These parameters depend on anatomical and contextual factors and are
tabulated in ISO/TS 15066 [50].

5.1.2 Projected motion quantities and directionality

The quantities in depend on the relative motion of the robot and the human
along the direction connecting them. Let n € RS denote the unit approach direction
(with nonzero translational components) pointing from the robot end-effector toward
the human body part of interest. The robot Cartesian velocity projected along this
direction is defined as:

ira =1'J(q) 4, (5.4)
where J(q) € R5%6 denotes the geometric Jacobian at configuration g € R and
n = {n,,n,,n,,0,00}

Sign convention for projected velocities. In this chapter, projected human and
robot velocities are expressed in a closing-speed convention. Specifically, the human
projected velocity is defined with the opposite orientation of the robot projection,

Tpn 2 —n' Ty, (5.5)
so that the scalar sum g, + Tg, represents the relative closing speed along the
approach direction n. Under this convention, &g, + Ty, > 0 corresponds to approach-
ing motion (increasing collision likelihood), whereas @g,, + ©p, < 0 corresponds to
separating motion. @y € R® denotes the estimated human body-part Cartesian
velocity expressed in the same frame as n. This choice is adopted to keep all feasibility
expressions dependent on a single signed closing-speed quantity.

A key aspect for online enforcement is that the energy-based condition is most
relevant when the relative motion tends to increase collision danger, i.e., when the
robot moves toward the human along n. This is captured through a directional sign
variable s € {—1,+1}:

1 L n L 7’1/207
5 — {+ s TRn +TH (5.6)

—1, Zgn+ Tg, <O.
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This choice encodes the fact that the safety condition is activated when motion
is approaching and naturally relaxed when motion is separating, thereby avoiding
unnecessary conservatism during disengagement.

5.1.3 Continuous safety residual and feasibility condition

While (5.2]) must be satisfied at the instant of collision, practical controllers benefit
from continuously monitoring proximity to the safety boundary during motion. By
rearranging (.1)—(5.2)), one can define the scalar PFL residual h € R:

h = smemy ||Egn + Zanll> — 2EE5E (my, + my), (5.7)

max

which satisfies h < 0 whenever the admissible transferred-energy condition is re-
spected. The residual is not merely a diagnostic quantity: it explicitly reveals
that PFL feasibility depends jointly on relative projected velocity and apparent mass.
As a consequence, ensuring safety is inherently a control-parameter selection problem:
the controller can reduce h either by decreasing the projected velocity term or by
reducing the apparent mass term, or by coordinating both.

This dissertation exploits this structure directly. In particular, since the apparent
mass term m, is shaped by the admittance inertia (Section , and the projected
velocity evolution depends on the admittance damping through the admittance
dynamics (Sections , the PFL condition can be enforced through online
adaptation of both M, and D,, rather than by imposing external speed limits. This
sets the stage for the two adaptation paradigms developed in the remainder of the
chapter: an algorithmic strategy and an optimization-based strategy, both operating
on the same feasibility residual (5.7)).

5.2 Apparent Mass and Safety Coupling in Ad-
mittance Control

The PFL formulation introduced in Section expresses safety as a feasibility
condition that depends explicitly on two quantities: the apparent mass of the robot
along the direction of interaction and the relative velocity between robot and human.
In order to actively enforce this condition through control, it is therefore necessary to
make explicit how both quantities arise within an admittance-controlled interaction
and how they are shaped by the admittance parameters.

As established in Chapter 4 (Section , physical human-robot interaction in
this work is mediated through a Cartesian admittance control law, which defines a
virtual mechanical relationship between the interaction wrench applied by the human
and the resulting end-effector motion. The detailed formulation of the admittance
dynamics has already been introduced and will not be repeated here. Instead, this
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section focuses on a specific and safety-critical consequence of that formulation: the
fact that the admittance parameters directly determine the apparent mass and the
velocity evolution entering the PFL constraint.

5.2.1 Apparent mass induced by admittance inertia

When interaction occurs predominantly along a specific direction, the full Cartesian
admittance can be projected onto that direction to obtain a scalar representation of
the interaction dynamics. Let n € R denote the unit vector defining the direction
of potential impact introduced in Section The apparent robot mass along the
potential impact direction n is given by

m, =n' Mgn, (5.8)

where m, € R. coincides with the apparent mass term appearing in the PFL energy
formulation. Equation (5.8) makes explicit a fundamental property of admittance-
controlled interaction: the apparent mass governing impact energy is not an intrinsic
property of the robot hardware, but a control-dependent quantity shaped by the
chosen admittance inertia matrix M,.

Substituting into the PFL energy expression (j5.1)) reveals that, for a given
relative velocity along the potential impact direction n, the transferred energy scales
linearly with the projected admittance inertia. As a consequence, increasing M,
increases the energy that may be transferred during contact. Conversely, reducing
M, lowers the apparent mass and enlarges the admissible safety margin, at the cost
of a lighter and potentially less stable interaction behavior.

5.2.2 Velocity evolution under admittance damping

The second term entering the PFL constraint is the relative velocity projected along
the interaction direction. In admittance control, the evolution of the end-effector
velocity is governed by the admittance dynamics and is therefore directly influenced
by the damping matrix D,. Projecting the translational component of the admittance
equation along n yields the scalar dynamics

m, Tpy + d, TRn = Wn, (59)

where =g, € R and Zg, € R denote the projected velocity and acceleration, w, € R
is the projected interaction force, and

d, =n'Dgn, d, € Ry (5.10)
is the apparent damping along the interaction direction.

Equation (5.9) shows that the projected velocity entering the PFL residual is
not an independent quantity, but the outcome of a dynamic process shaped jointly by
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apparent mass and apparent damping. Increasing d, dissipates energy and reduces
2T rn, more rapidly, whereas decreasing d,. improves responsiveness but allows higher
velocities to persist. As a result, both M, and D, directly influence the evolution of

the safety residual (5.7)).

5.2.3 Implications for safety-oriented parameter adaptation

The expressions above clarify why safety under PFL cannot be enforced by velocity
regulation alone. While increasing damping is an effective means of reducing projected
velocity, it does not affect the apparent mass term in the PFL constraint and
therefore often leads to conservative behavior, characterized by abrupt damping
injection and degraded interaction transparency. In contrast, coordinated adaptation
of admittance inertia and damping allows the controller to act simultaneously on
both terms governing the transferred energy.

Importantly, the coupling expressed in — does not imply any reliance
on an accurate dynamic model of the robot. The apparent mass and damping arise
from the desired admittance parameters defined at the control level and remain
independent of the robot’s physical inertia, which is handled by the low-level controller.
Dynamic modeling therefore plays no functional role in enforcing the PFL constraint,
but may still be employed for analysis and validation purposes, consistent with the
methodological separation established in Chapter 3.

The discussion above establishes that safety feasibility under PFL is inherently
intertwined with the selection of admittance parameters. The following sections
build on this observation by introducing two distinct strategies for adapting M,
and D, online: an algorithmic approach and an optimization-based approach, both
designed to maintain the PFL residual within admissible bounds while preserving
passivity and interaction quality.

5.3 Passivity Preservation Under PFL-Driven Ad-
mittance Adaptation

The passivity issues associated with time-varying admittance parameters have been
rigorously addressed in Chapter 4 through the introduction of an energy-tank mech-
anism (Section [4.3). That formulation is adopted here without modification and
will not be re-derived. Instead, the purpose of this section is to clarify how the
same passivity-preservation architecture operates when admittance parameters are
adapted in response to a Power and Force Limiting (PFL) safety objective, rather
than to distance-based supervision.
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What changes from Chapter 4. In Chapter 4, online variations of the admittance
inertia and damping were driven by proximity- and distance-related safety indicators
inspired by Speed and Separation Monitoring. In the present chapter, parameter
adaptation is instead driven by the PFL residual (5.7)), which encodes feasibility of the
transferred-energy constraint defined by ISO/TS 15066. As discussed in Sections
and , this residual depends explicitly on: (i) the apparent mass m, = n' Myn
shaped by the admittance inertia, and (ii) the projected relative velocity g, + &
shaped by the admittance damping. Consequently, PFL-driven safety regulation
may require rapid, coordinated, or directional changes of M, and D,, potentially
inducing active behavior if not properly supervised.

What does not change. Crucially, the energetic mechanism through which
time-varying inertia can inject power into the interaction port remains identical. As
shown in Chapter 4, the only source of potential activity introduced by parameter

adaptation is the term

1 .
5:i;TMa(t) i, (5.11)

which appears in the power balance of the variable-admittance system. The energy-
tank formulation introduced in Section explicitly accounts for this term by
requiring that any inertia-induced power injection be compensated by energy previ-
ously dissipated through damping and stored in the tank.

Admissible inertia variation under PFL-driven adaptation. Since the ad-
mittance inertia M, (t) is diagonal, Chapter 4 derived a component-wise upper bound
on the admissible inertia rate that preserves passivity, expressed through the diagonal
matrix

MIPSS (1), (5.12)

a,max

whose elements depend on the current tank energy level, prescribed tank bounds
(Tomin, Timax), velocity limits, and energy-distribution weights (see Section [4.3.2)). In
the present chapter, this bound plays exactly the same supervisory role: any safety-
driven request for inertia variation (whether arising from algorithmic adaptation
(Section or from optimization-based adaptation (Section is filtered so as to
satisfy

M, (t) < MP (1), (5.13)

a,max

When the tank energy approaches T,,;,, admissible inertia increases vanish, effectively
freezing further apparent-mass growth until the tank is replenished through dissipated
power.

Architectural separation between safety and passivity. It is important to
emphasize that, also in the PFL setting, the energy tank does not enforce safety
constraints and does not provide collision-injury guarantees. Its function is strictly
to preserve passivity of the interaction port (w, &) under time-varying admittance
parameters. Safety feasibility is instead determined entirely by the PFL residual
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and by the associated adaptation laws that regulate apparent mass and velocity.
Architecturally, the tank therefore acts as a passivity supervisor interposed between
the safety-driven adaptation logic and the actual applied parameters, enforcing
energetic admissibility without interfering with the safety objective itself.

Implications for the adaptation strategies. This separation is what enables
the two PFL-oriented adaptation strategies developed in the remainder of the
chapter. The algorithmic method (Section explicitly computes inertia and
damping updates to regulate the PFL residual, while the optimization-based method
(Section treats inertia and damping as coupled decision variables constrained
by feasibility, bounds, and passivity. In both cases, the energy tank guarantees that
any admissible solution remains passive, ensuring stable and predictable physical
interaction even under aggressive safety-driven parameter reshaping.

5.4 Algorithmic Safety Adaptation: Nominal In-
teraction vs. Safe Correction

Section framed PFL as a state feasibility condition expressed through the dissi-
pated collision energy AK, € R and the residual 2 € R in (5.7)-(5.2), consistently
with standard energy-based PFL treatments and ISO/TS 15066 [1}, |4, 50]. Section
then made explicit the control-relevant coupling: under Cartesian admittance, the
apparent mass entering PFL is shaped by the virtual inertia M, € R%*% through
(see also the explicit coupling discussion in energy-based safe admittance formula-
tions [55]). The present section operationalizes this coupling into an algorithmic
adaptation mechanism that modifies M, and D, online with two distinct purposes:
(i) in nominal interaction, reshape the admittance smoothly as the predicted impact
energy increases, while preserving a consistent interaction feel via inertia—damping
ratio tracking; (ii) in safe correction, apply a targeted and short-lived damping
injection to rapidly restore feasibility when the PFL residual becomes positive.

The key design choice is to treat inertia—damping co-modulation as the primary
lever for apparent-mass shaping (thus acting directly on the PFL term m,.), while
treating damping-only modulation as the primary lever for fast dissipation when
feasibility is violated. Since time variation of inertia can inject energy through the
M, term in the admittance energy balance (Chapter 4, Section , all inertia
updates are constrained by the passivity-aware bound produced by the energy—tank
supervisor [55]. Conversely, damping increases are dissipative at the interaction port
and therefore remain admissible from a passivity standpoint.
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5.4.1 One-step safety gating and energy-loss scaling

The algorithm operates along the potential impact direction n € RS introduced
in Section Let the scalar projected velocities be g, € R and 2y, € R, and
define the approach/separation indicator s € {—1,+1} as in so that the
PFL condition is treated as relevant only when the relative motion is approaching
along n (Section [p.1} see also [1, 4, [50]). This directional gating is not a mere
implementation detail: it encodes the semantic scope of the anticipatory residual A,
which is meaningful as a predictor of potential collision severity only when the robot
is moving toward the human along the line of approach.

In nominal operation, the adaptation intensity is parameterized by a normalized
energy-loss factor 8 € [0, 1]:

max

. (AK,
B = mln(m, 1) 5 (514)

computed only if s = 4+1 (approaching motion). Here AK, is the dissipated collision
energy in (5.1) and EFFL € R., is the admissible PFL bound (ISO/TS 15066) [50].

max

The role of £ is purely shaping: it does not enforce feasibility by itself, but provides
a monotone mapping from predicted energy loss to a desired inertial reconfiguration.

5.4.2 Nominal interaction mode: ratio-preserving inertia—
damping co-adaptation

Let M* € R%%6 and D € R*¢ denote the nominal admittance inertia and damping
matrices selected for comfortable hand-guiding. Let M™#* € R6%6 denote a conserva-
tive upper bound on the admittance inertia, introduced to enlarge the safety margin
by limiting the maximum apparent mass along the interaction direction.

In nominal interaction, the algorithm constructs a temporary target inertia
M, tmp € R0 as a function of the normalized energy-loss factor 8 € [0, 1]:

M tmp = M, + 8 (MJ* — M), (5.15)
which interpolates between the nominal and conservative inertia values.

Let At € R denote the controller update interval (one control cycle). The
desired inertia rate M, nom € R%C is defined as
Ma,tmp - Ma

At ’
and is applied subject to the passivity-aware bound returned by the energy-tank
supervisor (Chapter 4, Section [55].

M nom = (5.16)

In the algorithmic strategy, damping is not adapted independently in nominal
conditions. Instead, a fixed inertia—damping ratio is enforced to preserve a consistent
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Algorithm 4 Nominal interaction update (ratio-preserving co-adaptation)

Require: s € {—1,+1}, B €[0,1], At € Ryg
Require: current M, € R%%6, current D, € R%*¢
Require: nominal M* € R®*® nominal D} € R®*® bound M™ax ¢ R6*¢
Ensure: updated M,, updated D,
if s = —1 then > separating motion: no safety-driven reshaping
M, + M;
D, < D:
return
end if
R,  D;(M;)!
M imp ¢ M, + B(ME — M)
Ma,nom < (Ma,tmp - Ma)/At
M, < TANKBOUND(M, nom ) > Chapter 4, Sec.
M, < M, + M, At
: D, < RyM,

—_ =
= O

interaction feel (ratio preservation is a standard perceptual objective in rule-based
variable admittance) [1, 4]. Define the ratio matrix Ry € R%%6 as:

R, = D;(M;) ™, (5.17)
and impose the ratio-preserving update
D, + R;M,. (5.18)

Equation (5.18) should be read as an assignment rule: in nominal interaction, the
current damping matrix D, is set to the ratio-consistent value determined by the
current inertia matrix M,. This makes explicit the intended semantics that were
only implicit in the coupling argument of Section [5.2} as M, is reshaped to affect the
apparent mass m,., the dissipative behavior is reshaped to change the robot velocity
Tr, and to preserve a stable, predictable feel.

For completeness and to avoid leaving the nominal mode as a verbal description,
Algorithm [4] summarizes the one-step logic executed at each control cycle.

5.4.3 Safe correction mode: feasibility restoration by damp-
ing injection

When the PFL residual becomes positive (h > 0 under approaching motion), nominal
inertia modulation may be insufficient to restore feasibility in a timely manner. In
this case, the algorithm switches to a safe correction mode, explicitly designed to
reduce the residual by increasing dissipation while freezing inertia [55]. As already
discussed in Section , the inequality h > 0 does not imply that ISO/TS 15066
is being violated at that instant (the standard constrains the exchanged quantities
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at contact) but it does indicate that, if a collision were to occur under the current
relative approach conditions, the dissipated energy would exceed the admissible
bound. The safe correction mode is therefore interpreted as an anticipatory recovery
action: it reshapes the interaction dynamics so as to drive the system back to the
feasibility boundary h < 0 within a single control step (or a small number of steps)
under the discretized admittance model, thereby preventing the interaction from
evolving deeper into an unsafe region.

Projecting the admittance dynamics along the interaction direction n yields
the scalar model (5.9), where m, € R and d, € Ryg are the projected
apparent inertia and damping, and w, € R is the projected wrench component
w, = n'w. The strategy adopted in this work follows this constructive procedure: it
explicitly computes (i) the boundary robot projected velocity that would satisfy the
PFL energy constraint with equality, and then (ii) the damping update that makes
the robot projected velocity reach that boundary value in one sampling period At.

Boundary velocity consistent with the PFL energy limit. When A > 0, the
first step consists in computing a velocity limit Zj;,, € R such that the PFL residual
evaluated at T, = Ty, lies exactly on the feasibility boundary. Starting from the
PFL dissipated energy model , the equality condition h = 0 can be rewritten as

mymp Hilim + anHQ - 2EPFL (mh + mr) = 0, (519)

max

which can be solved analytically to obtain #,. Among the two solutions of (5.19)),
the implementation selects the one closer to the currently measured 2g,, so that the
corrective action is minimally invasive while still restoring feasibility.

One-step damping synthesis from the inverted admittance update. Once
ZTum 1S available, the objective becomes to compute an updated damping matrix
D" € R%6 such that, after one controller update of duration At € R, the robot
projected velocity along n reaches x);,,. This is achieved by inverting the admittance
update over one sampling interval. Using the admittance dynamics in and a
one-step discretization, the projected update can be written in the form:

Dt = Gre + 10 [M," (w— DI"&)] At. (5.20)

Equation (5.20) involves D" as a 6 x 6 unknown, and therefore does not admit a
unique closed-form solution without additional structure. The correction is restricted
to a uniform damping variation on the translational subspace by imposing

D" =D, 4+ d® At, (5.21)
where ® € R*6 is defined as:
® = diag(1,1,1,0,0,0) (5.22)

and where d € R is a scalar gain to be computed. Note that although the projection
direction n € R is kept in full, the correction is restricted to the translational
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subspace through ® in (5.22)), so that the injected damping does not affect rotational
dynamics.

Substituting into yields a scalar equation in d, which can be solved

explicitly as
Tlim — TRn — n' [Mgl (’U) — Da:c)] JAN?
n' M, 1®x At? '

The damping update applied during safe correction is then obtained directly from ,
i.e. by setting D, <— D7“. Two properties make this corrective action particularly
attractive for real-time use: (i) it enforces feasibility by construction in one step
(under the assumptions of the discretized model), and (ii) it modifies only damping,
which is always dissipative at the interaction port and therefore legitimate from a
passivity standpoint, even during abrupt transients.

d=

(5.23)

Recovery phase: avoiding repeated abrupt interaction changes. The safe
correction step computed through — may result in a large instantaneous
damping increase, which can substantially alter the perceived interaction feel. To
avoid repeated drastic changes, the strategy includes a recovery phase: for a fixed time
window t,.x € Ry after a correction is triggered, the damping is not immediately
returned to nominal ratio tracking, but is instead exponentially adapted through

D,+ 6D, +(1—-86D:,  §¢(0,1), (5.24)

where D} € R®*® denotes the nominal damping matrix. If during this decay phase the
PFL residual becomes positive again (h > 0), the recovery timer is re-initialized and
the safe correction step is re-applied. This re-triggering rule prevents the controller
from “relaxing” damping too quickly in the presence of persistent unsafe approach
conditions.

Operationally, safe correction proceeds in two phases:

(i) Injection. When s = +1 and h > 0, inertia is frozen (M, held constant)
and the boundary velocity @y, is computed from ([5.19). The damping matrix is
then updated through f so that the robot projected velocity reaches
Zum in one control interval At. The resulting D, can depart significantly from the
ratio-tracking assignment , and therefore constitutes an explicitly safety-driven
deviation from nominal “feel”.

(ii) Recovery by exponential decay. To avoid repeated abrupt changes in inter-
action perception, once feasibility is restored the injected damping is not immediately
removed. Instead, for a bounded recovery window .y, the algorithm exponentially
decays the damping toward the nominal matrix D} using (5.24)). If a new violation
occurs, injection is re-triggered and the timer reset.
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Algorithm 5 Safe correction logic (damping injection and recovery)

Require: h € R, s € {—1,+1}, n € RS

Require: At € R.g, 0 € (0,1), tmax € Rog

Require: current time t € R, stored tgat € R

Require: current M, € R%% current D, € R6%6

Require: nominal D* € R®*¢ m,, € R.q, EEIL € R

Require: measured ig,(t) € R, 5,(t) € R, w(t) € R®, z(t) € R
Ensure: updated D, and updated ..+

1: if s=+1 and h > 0 then > constraint violation while approaching
2 m, < n'M,n

3: Solve for @y (choose root closest to g, (1))

4: d + compute from (5.23)

5: D, D, +d® At > structured injection,
6: totart < > reset recovery timer
7: else

8: if t — toare < tmax then > recovery window active
9: D, 0D, + (1-9)D? > decay, ([5.24])
10: else

11: D, «+ D;
12: end if
13: end if

14: return D, tgan

The complete logic is given in Algorithm |5, which is referenced by the text above
and should be read as the algorithmic counterpart of the two-mode interpretation.

Algorithm [4] and [5| make explicit the conceptual separation that will matter later
when comparing against the optimization-based strategy: the algorithmic method
relies on (i) a ratio-preserving nominal modulation that links inertia and damping,
and (ii) an explicit mode-dependent corrective action that temporarily breaks that
ratio via a computed damping update derived from the boundary velocity @y,
and the inverted one-step admittance update. This is exactly the point where the
optimization-based approach will diverge: rather than enforcing ratio tracking and
then breaking it through a constructive rule, the optimizer will treat inertia and
damping as coupled decision variables constrained by feasibility and passivity, and
will let the trade-off between apparent mass shaping and dissipation emerge from
the optimization structure (Section [5.5} see also [1} [4] 50} [55]).

5.5 Optimization-Based Safety Adaptation Under
PFL Constraints

The algorithmic strategy in Section enforces PFL feasibility through a construc-
tive two-mode logic: ratio-preserving co-modulation in nominal interaction, and a
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damping-only corrective step when A > 0. While this provides an interpretable and
lightweight solution, it also exposes a structural limitation that becomes evident
in sustained or highly dynamic pHRI: the controller must decide how to trade off
(i) apparent-mass shaping (via M,) and (ii) dissipation shaping (via D,) under
explicit feasibility constraints, without relying on ad-hoc switching rules or fixed
ratio assumptions.

The second contribution of this chapter therefore replaces the rule-based switch-
ing logic with an optimization layer that, at each sampling instant, selects the
most suitable coordinated update of the admittance parameters under a set of ex-
plicit constraints: (i) PFL feasibility expressed through the residual A in (5.7)); (i)
hard bounds on admissible inertia/damping values; (iii) rate bounds (including the
passivity-aware bound enforced by the energy tank, Chapter 4, Section ; and
(iv) an objective encoding the desired interaction behavior. The key conceptual
difference from Section is that inertia and damping are treated as coupled decision
variables rather than being linked by a fixed ratio and then heuristically “broken”
during correction: the optimizer is allowed to violate ratio tracking if this improves
feasibility restoration or reduces unnecessary dissipation, while still remaining within
explicit constraints.

5.5.1 Decision variables and discrete-time parameter up-
dates

In the following implementation only the translational admittance parameters are
adapted online. Let the translational diagonal blocks for the inertia (M; € R3*3)
and damping (D; € R3*3) matrices be represented as:

M, = diag(m), D, = diag(d), (5.25)

with m € R? and d € R? collecting the translational diagonal elements. At each
sampling step of duration At € R, the optimizer selects translational rate incre-
ments

u= [’Z] cR’, mecR} deR (5.26)

which are applied through the discrete-time update rule

M;" = diag(m) + diag(m)At, D; = diag(d) + diag(d)At, (5.27)

where ()T denotes the value at the next control instant. This representation makes
explicit the intended control semantics: the optimization does not “pick” parameters
arbitrarily, but selects admissible rates that can be safely implemented within the
passivity supervision architecture already established in Chapter 4.
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5.5.2 One-step prediction of projected robot motion and
feasibility

Since the optimization adapts only the translational admittance blocks, we introduce
the translational projection of the unit approach direction,

n; £ [n, ny, n,)" € R3, (5.28)

i.e., the first three components of the full vector n € R defined in Section [5.1.2] All
predictive quantities in the optimization layer are therefore evaluated along n;.

The feasibility residual in depends on (i) the relative projected velocity
TRy + Zhn and (i) the apparent mass m, along the interaction direction. In the
optimization strategy, feasibility is imposed predictively at the next time step as a
function of the chosen update u.

Let J;(q) € R3*® denote the translational Jacobian (consistent with the translational-
only adaptation assumption). The predicted robot projected velocity along n is
modeled over one step as

i, =, (0) + (0 M} (w, - Df @) ) A, (5.29)

where 7. € R is the current projected velocity at the current step, w, € R3
is the measured interaction force (translational wrench component) and &; € R?
denotes the translational end-effector velocity (e.g., ; = J;(q)q). Equation is
the optimization counterpart of the one-step inversion logic used in safe correction
(Section , but here it is embedded directly into a constrained decision problem:
the next-step velocity is not “forced” to a boundary value; rather, it emerges from
the chosen (M;, D;).

The predicted apparent mass entering the PFL residual is
m;” =n; M/ n,, (5.30)

T

which mirrors the coupling already established in (/5.8]), but expressed on the predicted
translational inertia.

Using these predicted quantities, the PFL residual is evaluated as a function of
the decision variable u:

h(u) = smmy, Hx'};n + :EHHH2 —2Ept Y (my +mt), (5.31)

max

where mj, € Ry and EPFL € R are the same quantities introduced in Section

max
The directional gating is retained exactly as before:

1, i i >0
s:{+’ o T, 20, (5.32)

—1, iTRn +an < 0,

so that feasibility is enforced primarily when approaching motion makes the residual
meaningful as an anticipatory safety indicator (Section [5.1.2)).
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5.5.3 Constraints: bounds, rates, and passivity-supervised
inertia variation

The optimization problem is constrained at three complementary levels.

(i) Parameter bounds. Admittance parameters must remain within prescribed
limits. In the optimization formulation, these limits are encoded as component-wise
bounds on the translational diagonal parameters:

Mmin S m+ S Mpax, dmin S d+ S dmaX7 (533)

where m™,d" € R? are the predicted diagonal vectors associated with M, D}
(Eq. (5.27)). Here mpmi, € R? and my,. € R? denote, respectively, the minimum and
maximum admissible translational inertia diagonals, while d,,;, € R? and dp. € R?
denote the minimum and maximum admissible translational damping diagonals.
These bounds reflect both physical considerations (e.g., avoiding excessively light
apparent inertia that would amplify noise and hand tremor, or excessively high
damping that would suppress transparency) and implementation constraints (e.g.,
ensuring numerical conditioning and compatibility with the low-level robot controller).

(ii) Rate bounds. To avoid aggressive transients in the interaction dynamics
and to reflect both actuation and implementation limitations, rate constraints are
imposed directly on the decision variables governing inertia and damping adaptation:

mmin S m S mmax; dmin S d S dmax~ (534>

Here m, d € R3 denote the translational inertia and damping rate vectors treated
as decision variables in the optimization. The bounds 7imin, Mmax € R® and
dmm,dmax € R? define the minimum and maximum admissible rates of change
for inertia and damping, respectively. These constraints serve a dual purpose: they
enforce smoothness of the interaction by preventing abrupt parameter variations
that would degrade transparency or induce instability.

(iii) Passivity-aware inertia rate bound. Finally, because time variation of the
admittance inertia is the only source of potential energy injection in the admittance
energy balance (Chapter 4, Section [£.3]), the inertia-rate decision is additionally
constrained by the passivity supervisor implemented through the energy-tank mech-
anism:

m; < Mg Vie{l,...,3}, (5.35)
where 5> € R? denotes the component-wise upper bound on the admissible

inertia rate returned by the energy-tank supervisor at the current time step.

This bound is not a tuning parameter of the optimization problem, but a
dynamic constraint inherited from the passivity analysis developed in Chapter 4. As
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such, it enforces energetic admissibility of the inertia variation independently of the
safety or performance objectives considered by the optimizer. The optimization layer
may reason about safety feasibility and interaction quality, but it cannot request
inertia changes that would violate the passivity condition enforced by the energy
tank.

5.5.4 Objective function and problem formulations

The optimizer must encode two competing objectives: (i) remain close to a nominal
interaction behavior, so as to preserve transparency and avoid excessive perceived
“heaviness” or “stickiness”; (ii) regulate the parameters with minimal variation, so
that adaptation does not itself become a source of perceptual discontinuity.

In this dissertation, these requirements are encoded through a quadratic objective
function, designed to balance interaction comfort anchoring against adaptation
smoothness:

£00) = X[m0t = mi ]|+ Ap d* = di|*+ A (Iml? + @) (5.36)

The first two terms penalize deviations of the predicted admittance parameters from
their nominal values and therefore act as comfort-anchoring terms: they bias the
optimizer toward interaction behaviors that remain perceptually close to the baseline
hand-guiding admittance defined by M; and D}. In the absence of active safety
constraints, these terms make the nominal admittance an attractive equilibrium of
the optimization problem.

The third term penalizes the rates of change of inertia and damping and serves
as a reqularization on the adaptation process itself. Its role is not related to safety
feasibility, but to perceptual continuity: it discourages rapid parameter variations
that would otherwise introduce abrupt changes in interaction feel, even when such
variations are admissible from a constraint standpoint.

Here:
e m*,d" € R? denote the predicted translational diagonal components associ-
ated with the updated admittance matrices M}, DT;

e m* d; € R® are the translational diagonal components of the nominal admit-
tance matrices M, D introduced in Section [5.4.2}

e Ay, Ap, Ay € Ry are weighting coefficients that regulate the trade-off between
adherence to the nominal interaction behavior and smoothness of parameter
adaptation.

Importantly, safety is not encoded in the objective, but enforced exclusively
through constraints. This separation ensures that feasibility with respect to the
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PFL residual is never traded against comfort, but instead acts as a hard (or relaxed)
admissibility condition on the optimization outcome.

With this cost, the hard-constraint formulation reads

min  L(u)
ucR6
s.t. h(u) <0, (5.37)

6-33), (-34), (5.35).

In practice, strict feasibility may be temporarily unattainable due to sensor
noise, abrupt human motion, or conflicting bounds. For this reason, this work also
introduces a soft-constraint variant with slack:

wchblsy LW F PO
st. h(u)—o <0, (5.38)
(5.33), (5.34), (5.35),

where o € R relaxes the feasibility constraint and p € R, penalizes violations.

The conceptual role of (5.38)) is crucial for the thesis narrative. Unlike the
algorithmic strategy (Section , which introduces an explicit corrective mode
followed by a recovery window, the optimization-based approach embeds the trade-off
between safety enforcement and interaction comfort directly into a single constrained
problem. The slack variable provides a principled mechanism for graceful degradation
when strict feasibility cannot be achieved within the admissible parameter and rate
bounds, rather than forcing discontinuous mode switching.

Interpretation of hard vs. soft feasibility enforcement. The distinction
between the hard- and soft-constrained formulations in f is not merely a
numerical convenience, but reflects two fundamentally different interpretations of
safety feasibility under PFL-driven interaction.

In the hard-constraint formulation (5.37), the PFL residual h(u) < 0 is treated
as an inviolable condition. The optimizer is allowed to adjust inertia and damping
only if a feasible solution exists that simultaneously satisfies the safety constraint,
parameter bounds, rate limits, and passivity-aware inertia variation. This formulation
is appropriate when the admissible set is sufficiently rich and when measurements
are reliable, but it may become overly restrictive in practice: transient infeasibility
can arise due to sensor noise, abrupt human motion, or the simultaneous activation
of tight bounds on parameters and rates.

The soft-constraint formulation relaxes this requirement by introducing
the nonnegative slack variable o, which explicitly quantifies the degree of violation of
the PFL feasibility condition. From a physical perspective, ¢ does not correspond to
a tolerated violation of ISO/TS 15066 at contact; rather, it represents a controlled
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relaxation of the anticipatory feasibility condition encoded by h. The optimizer is
therefore allowed to temporarily accept h > 0 when strict enforcement is incompatible
with the admissible parameter variations, but such violations are penalized through
the weight p in the cost.

This construction has two important implications. First, it guarantees that the
optimization problem remains feasible at every time step, avoiding solver failure or
discontinuous fallback strategies. Second, it embeds the safety—comfort trade-off
directly into the optimization structure: when strict feasibility can be achieved, the
slack collapses to zero and the solution coincides with the hard-constrained case;
when it cannot, the optimizer selects the least-violating solution that best balances
interaction comfort, smoothness, and safety recovery.

This behavior contrasts sharply with the algorithmic strategy of Section
where feasibility violations trigger an explicit mode switch and a heuristic recovery
phase. In the optimization-based approach, no discrete modes are introduced:
nominal interaction, corrective behavior, and recovery emerge continuously from the
same constrained problem. This unification is a central conceptual advantage of the
optimization-based formulation and will be revisited in Section when discussing
experimental behavior.

5.5.5 Implementation note and optimization-loop structure

This subsection summarizes the per-step execution logic of the optimization-based
admittance adaptation strategy. The purpose is not to specify solver-dependent
details, but to make explicit the sequence of operations performed at each control
cycle and the interface between measurement, prediction, optimization, and passivity
supervision.

Optimization-based update loop. At each control cycle ¢, the controller executes
the following steps:

Solver and real-time considerations. The optimization problems or
are solved online at each control cycle. In the experimental implementation described
in the second paper, the problem size is kept intentionally small (six decision variables
plus one slack variable) and all constraints are convex or convexified, enabling reliable
convergence within the available control period.

Key implementation aspects discussed in the paper and relevant for reproducibil-
ity include: (i) solver choice and warm-starting strategy; (ii) handling of measurement
noise in the evaluation of the PFL residual; (iii) saturation and fallback behavior in
case of temporary infeasibility; (iv) interaction between the optimizer output and
the passivity supervisor.

115



Algorithm 6 Optimization-based admittance adaptation (per-step loop)

Require: Current admittance matrices M, (t), D,(t)
Require: Nominal matrices M}, D

Require: Measured g, (), Ty, (t), w(t), &(t)
Require: Bounds (5.33)), (5.34)), (5.35)

Require: Sampling time At

Ensure: Updated matrices M, D

1: Scene monitoring and projection

2: Compute s(t) using

3: Evaluate PFL residual h(¢) using

4: Prediction and decision-variable setup

5. Assemble constraint set: feasibility, bounds, rates, passivity
6: Optimization solve

7: Solve

8: if solver fails or infeasible then

9: Solve

10: end if

11: Parameter update and supervision

12: Enforce passivity supervision via energy tank (Chapter 4, Section
13: Update M, D} from optimizer output

14: return M D}

These aspects are not repeated here, but the algorithmic structure above is
designed to accommodate them explicitly and to remain consistent with the passivity-
preserving architecture established in Chapters 3 and 4.

5.6 Experimental Evaluation and Comparative
Discussion

5.6.1 Experimental setup and protocol

The experimental evaluation of the adaptive admittance strategies developed in this
chapter is conducted using a common physical setup and interaction protocol for both
methods, so as to isolate the effect of the adaptation logic itself from confounding
hardware, sensing, or task-related factors.

Experiments are performed on a collaborative robotic manipulator (UR10e)
equipped with a wrist-mounted force/torque sensor and controlled through Cartesian
admittance. The robot end-effector is directly guided by a human operator through
physical interaction, while the controller adapts the admittance parameters online
in response to the PFL safety residual defined in Section [5.1] The interaction
includes both slow exploratory motions and faster, more impulsive approach motions,
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Table 5.1: Experimental setup and control parameters used for the comparative
evaluation of algorithmic and optimization-based admittance adaptation strategies
(from nini2025_algo).

Category

Value / Description

Robot platform

Degrees of freedom
End-effector sensing

Control framework

Control frequency

Interaction modality

Safety paradigm

Nominal admittance inertia
Nominal translational inertia
Maximum admittance inertia
Maximum translational inertia
Nominal admittance damping
Nominal translational damping
Inertia—damping ratio
Rotational admittance
Sampling time

Recovery window (algorithmic)
Damping decay factor

Human motion

Safety indicator

Compared strategies

Universal Robots UR10e

6

Integrated UR e-series 6-axis F/T sensor
Cartesian admittance control

fe =500 Hz

pHRI Hand-guiding

Power and Force Limiting (PFL)

My = diag(my, my, m,, -, -, )

Mg = My =M, = 5 kg

M = diag(my™, my™, mPs, .)

my = my = mp* =15 kg

D; = diag(dr7 dya dzy oy )

d, =d, =d,=25Ns/m

Preserved in nominal mode: Ry = D*(M?*)™!
Fixed (no adaptation)

At =2 ms
Tmax = 18
0 =10.95

Unconstrained voluntary motion
PFL residual h evaluated online
Algorithmic adaptation (Sec. ;
Optimization-based adaptation (Sec. |5.5.4

intentionally designed to challenge the safety mechanisms and trigger parameter
adaptation.

At each control cycle, the perception and estimation pipeline provides: (i) the
projected robot and human velocities zg, and &g, along the interaction direction
n; (ii) the interaction wrench w at the end-effector; (iii) the quantities required to
evaluate the PFL residual h in . All experiments are executed at a fixed control
frequency and under identical nominal admittance parameters My, D*. A summary
of the experimental platform, sensing, control architecture, and nominal admittance

parameters common to both methods is reported in Table 5.1} and shown in Figure

5.6.2 Results with algorithmic safety adaptation

Representative time histories obtained with the algorithmic safety adaptation strategy
are shown in Fig. |5.2l The figure focuses on a zoomed time interval selected to
capture both nominal interaction and the onset of a safety-critical approach motion.
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OptiTrack
Camera

Figure 5.1: Illustration of the experimental setup for physical human-robot inter-
action. The system comprises a Universal Robot UR10e robotic manipulator and
an OptiTrack motion capture system. The human operator holds the robot’s end-
effector, while an OptiTrack camera tracks a reflective marker cluster attached to
the operator’s chest to monitor their position during the collaborative task.

118



During the initial phase, the interaction evolves under the nominal, ratio-
preserving admittance behavior. In this regime, the dissipated collision energy
AK. increases smoothly in response to operator-induced motion but remains below
the admissible PFL bound EYFL. As a result, the interaction impedance evolves

continuously and is perceived as stable and predictable.

When a faster approach motion is introduced, AK, exceeds the admissible
energy threshold, corresponding to a violation of the anticipatory feasibility condition
(h > 0). This instant is marked by the vertical dotted line in Fig.[5.2] As prescribed
by the algorithmic strategy (Section [5.4)), the controller immediately switches to
the safe-correction mode. This transition is characterized by a sharp increase in the
damping component dy, while the corresponding inertia component m, is temporarily
held constant. The resulting damping injection rapidly dissipates kinetic energy and
drives the system back toward the feasibility boundary.

Once feasibility is restored, the controller enters the recovery phase. Here, the
damping component decays exponentially toward its nominal ratio-consistent value,
preventing repeated abrupt impedance changes while gradually restoring the nominal
interaction feel. Throughout both the corrective and recovery phases, the energy
tank level remains strictly positive and bounded, confirming that the aggressive
damping action and the associated inertia handling remain compatible with passivity
preservation.

The minimum human-robot distance is reported solely as a contextual diagnostic.
It confirms that safety-driven parameter adaptation occurs during approaching
motion, but it does not directly trigger the adaptation. The evolution of the tank
energy T further illustrates the energetic role of inertia variation: whenever the
controller increases inertia, energy is withdrawn from the tank to compensate for
the associated power injection.

Overall, Fig. highlights the defining characteristics of the algorithmic ap-
proach: a smooth, ratio-preserving evolution during nominal interaction, followed by
a clearly segmented corrective phase that guarantees rapid feasibility restoration at
the cost of a short-lived but perceptible discontinuity in interaction impedance.

5.6.3 Results with optimization-based safety adaptation

Representative time histories for the optimization-based safety adaptation strategy
are shown in Fig. [5.3] obtained under the same experimental conditions and over
a comparable zoomed time window as the algorithmic case. The figure illustrates
how PFL feasibility is regulated through a unified constrained optimization process,
without explicit mode switching.

At the beginning of the interval, both admittance inertia and damping remain
close to their nominal values. This reflects an interaction regime in which the
optimizer prioritizes transparency and minimal deviation from the baseline behavior,
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Figure 5.2: Representative time histories for the algorithmic PFL-based admittance
adaptation. From top to bottom: evolution of the first diagonal admittance inertia
and damping components (m;, d;), dissipated collision energy AK, with respect to
the PFL admissible bound ELFE minimum human-robot distance dj, (diagnostic),
and energy tank level T'. The vertical dotted line marks the onset of a fast approach
motion leading to violation of the anticipatory feasibility condition (h > 0) and the

switch to the Safe correction mode (5.4.3).
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as long as the PFL residual remains well within the feasible region.

As the operator introduces faster approach motions, the PFL residual h increases
and approaches the feasibility boundary. In contrast to the algorithmic strategy, no
discrete corrective action is triggered. Instead, inertia and damping evolve smoothly
and jointly, reflecting the optimizer’s continuous trade-off between apparent mass
reduction, dissipation increase, and adherence to parameter bounds, rate limits, and
passivity constraints.

When strict feasibility cannot be instantaneously enforced due to these con-
straints, the soft-constraint formulation allows a controlled and penalized relaxation
of the residual. This behavior manifests as a bounded and gradual excursion of h,
rather than as an abrupt damping spike. As in the previous case, the minimum
human-robot distance is reported only as a contextual diagnostic and confirms that
parameter adaptation occurs during approaching motion. The evolution of the tank
energy T' shows that inertia increases are energetically compensated through tank
depletion, consistent with the passivity-preserving architecture.

From the operator’s perspective, this results in a more homogeneous interac-
tion feel. Parameter adaptations occur less abruptly and with smaller amplitude
compared to the algorithmic strategy. However, this smoother behavior is achieved
by relaxing strict inertia—damping ratio preservation: inertia and damping are ad-
justed independently when this improves feasibility regulation under the imposed
constraints.

5.6.4 Qualitative comparison and discussion

The experimental results highlight that the two approaches address the same safety
objective through fundamentally different control philosophies.

The algorithmic strategy favors determinism and reactivity. Its explicit sep-
aration between nominal interaction and safe correction ensures rapid feasibility
restoration and transparent cause—effect relationships between safety violations and
controller response. However, this comes at the cost of perceptible interaction
discontinuities during corrective phases and relies on heuristic mode switching.

The optimization-based strategy embeds safety, comfort, and smoothness into
a single decision process. By avoiding explicit mode switching, it yields smoother
parameter trajectories and a more uniform interaction feel. Its limitations are
primarily practical rather than conceptual, including dependence on solver timing
and the need for careful tuning of weights and bounds.

Importantly, neither approach can be declared superior in absolute terms. Rather,
they represent complementary design points: the algorithmic method prioritizes
predictability and rapid recovery, while the optimization-based method prioritizes
continuity and integrated trade-offs. The choice between them depends on application
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requirements, computational resources, and acceptable levels of interaction variability.
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Chapter 6

Artificial Intelligence for Intuitive
Robot Programming

Despite significant advances in robot control, sensing, and physical human-robot
interaction, the process of programming industrial and service robots remains a
dominant bottleneck in real-world deployment |1, [7]. This bottleneck is not primarily
physical, but cognitive: it stems from the mismatch between how humans naturally
express task intent and how robots require that intent to be specified in formal,
machine-interpretable terms. As a consequence, even robotic systems endowed with
advanced compliance, adaptive control, and interaction-aware behaviors remain
accessible only to highly trained experts, limiting their applicability in high-mix,
low-volume, or rapidly reconfigurable production environments [1].

Traditional robot programming paradigms (such as teach pendant programming,
offline programming using CAD-based tools, or script-based interfaces) impose a steep
learning curve and require users to reason explicitly in terms of joint configurations,
coordinate frames, motion primitives, and vendor-specific abstractions [56]. Several
studies have highlighted that these interfaces not only demand specialized expertise,
but also introduce significant time overhead during task setup, debugging, and
reconfiguration, particularly in scenarios where tasks change frequently or must be
adapted on the shop floor [1]. As discussed in the literature on industrial human-robot
collaboration, these limitations persist even when physical interaction is available,
since lead-through or hand-guiding techniques alone do not eliminate the need for
post-processing, validation, and formalization of the taught motion sequences [7].

From a human-robot interaction perspective, this gap can be interpreted as
a failure of intent alignment: while humans naturally describe tasks at a semantic
or goal-oriented level (e.g., “pick the part and place it into the fixture”), robots
require low-level, fully specified instructions that encode not only what should be
done, but how it should be executed [8, 9]. This disconnect is particularly evident
in collaborative and flexible manufacturing contexts, where operators are domain
experts in the task, but not necessarily in robotics. As a result, the cognitive load
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associated with robot programming becomes a limiting factor for adoption, often
outweighing the benefits offered by advanced control and safety mechanisms [1].

Recent research has therefore explored alternative programming modalities aimed
at reducing this cognitive barrier, including graphical programming, demonstration-
based learning, and multimodal interfaces combining speech, gesture, and vision [7,
57]. While these approaches alleviate some aspects of the problem, they typically
remain constrained by rigid interaction grammars or require substantial system-
specific customization. Moreover, they often fail to scale beyond narrowly defined
tasks, as they lack a general mechanism for interpreting high-level human intent and
mapping it onto executable robot behaviors [9).

In this context, large language models (LLMs) have emerged as a promising tool
for bridging the semantic gap between human intent and robotic execution [38], |58].
Trained on vast amounts of natural language and code, LLMs exhibit a remarkable
ability to parse, contextualize, and structure free-form textual input. This capability
has motivated a growing body of work investigating their use as interfaces for robot
programming, task specification, and high-level planning 39} 59, |43} 60]. Importantly,
and as emphasized in this thesis, the appeal of LLMs in robotics does not lie in their
ability to replace control or decision-making algorithms, but in their potential to
serve as cognitive translators: systems capable of converting human language into
structured, machine-interpretable representations of tasks [60].

However, introducing LLMs into robotic systems raises fundamental questions
regarding reliability, predictability, and responsibility |20, |42]. Language models are
inherently probabilistic, sensitive to prompt formulation, and prone to hallucination,
making them unsuitable for direct control or safety-critical decision-making [60].
Consequently, any serious attempt to integrate LLMs into robotic programming
must carefully delineate their role and explicitly constrain their authority within the
system architecture [43].

This chapter addresses these challenges by framing LLMs strictly as programming
interfaces, operating at the semantic level and decoupled from execution, control,
and safety mechanisms. The focus is not on extending or modifying the safety-aware
control architectures developed in Chapters 4 and 5, but on tackling a distinct and
complementary problem: how to make robot programming more intuitive, expressive,
and accessible, while preserving deterministic execution and limiting the impact of
language-model uncertainty |39, |43]. In doing so, the chapter positions language-
based programming as an additional interaction modality (orthogonal to physical
interaction) aimed at reducing cognitive load rather than enforcing physical safety.

The remainder of this chapter builds on this premise. Section formalizes
the role of large language models as high-level programming interfaces and explic-
itly distinguishes them from controllers and planners. Section introduces the
deterministic behavioral core that mediates between language-derived task repre-
sentations and robot execution. Section discusses semantic grounding through
primitive skills and constrained action spaces, while Section [6.4] presents experimental
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demonstrations of language-guided robot programming. Finally, Section critically
examines the limitations and non-claims of the proposed approach.

6.1 Large Language Models as Programming In-
terfaces, Not Control Systems

The recent surge of interest in large language models (LLMs) within robotics has
produced a broad and heterogeneous body of work exploring their integration at
different levels of the robotic stack, ranging from natural-language command interfaces
to tightly coupled architectures that blend language, perception, planning, and
action into a single learning-based pipeline [39, 59} 43| 60, 41]. In many of these
approaches, LLMs are implicitly or explicitly entrusted with responsibilities that go
beyond semantic interpretation, including task decomposition, plan generation, or
even direct action selection [45, 46, 47, |61]. While such systems demonstrate the
expressive and compositional capabilities of foundation models, they also introduce
significant ambiguity regarding the functional role of the language model within the
robotic architecture.

A central concern raised in recent critical analyses is that conflating language
understanding with control or decision-making undermines key principles of robotic
system design, namely determinism, traceability, and verifiability [20, 42]. Lan-
guage models are probabilistic systems whose outputs depend on prompt formu-
lation, contextual framing, and sampling strategies, and are therefore inherently
non-deterministic [38, [58]. As a result, their direct involvement in control loops,
planning pipelines, or safety-related decisions poses substantial challenges in terms
of reproducibility, responsibility attribution, and failure analysis [60, [20].

In response to these limitations, several authors have explicitly advocated for
architectural separations in which LLMs are treated as high-level interfaces rather
than execution authorities [43, 60, |62]. Within this paradigm, the role of the
language model is confined to translating human intent (expressed through free-form
natural language) into structured, machine-interpretable task representations. These
representations are subsequently processed by deterministic software components,
such as planners, state machines, or behavior trees, which retain full control over
execution [8, 9].

The approach adopted in this chapter follows this line of reasoning and deliber-
ately restricts the LLM to the role of a programming interface. The language model
operates exclusively at the semantic level and is never granted access to robot state
variables, sensor streams, or low-level control interfaces. It does not generate joint
trajectories, Cartesian velocities, forces, or torques, nor does it select control gains,
thresholds, or safety parameters. Its sole responsibility is to produce structured task
descriptions expressed in terms of predefined actions, parameters, and execution
logic [39, 59, 43].

127



This strict scoping distinguishes the proposed framework from end-to-end vision—
language—action models and policy-learning approaches that directly map linguistic
input to motor commands or learned behaviors [46} 47, |61]. Although such models are
attractive from a representation-learning perspective, they remain difficult to reconcile
with industrial and collaborative robotics requirements, where system behavior must
be explainable, auditable, and bounded by explicit design constraints |1, 7). In
contrast, by preserving a clear separation between intent specification and execution,
the present approach aligns with established hybrid robotic architectures that combine
symbolic reasoning with deterministic control [8} |9].

Another critical motivation for constraining the role of the LLM lies in the
well-documented phenomenon of hallucination. Language models may generate
syntactically plausible but semantically invalid or contextually inappropriate outputs,
particularly when operating outside narrowly constrained domains [60, 20]. Allowing
such outputs to directly influence robot behavior would introduce unacceptable risks.
By contrast, when the LLM output is restricted to a symbolic programming layer and
validated against predefined schemas and skill libraries, the impact of hallucinations
can be significantly mitigated without requiring the language model itself to be
reliable [43| |42].

Importantly, confining the LLM to a programming-interface role does not expand
the robot’s action space. The robot can only execute behaviors that are already
implemented and exposed through its primitive skill set, and only according to
execution logic defined in deterministic components of the system. The language
model cannot invent new skills, synthesize arbitrary control code, or override execution
constraints. Consequently, language-based programming modifies how tasks are
specified and parameterized, but not what the robot is fundamentally capable of
doing [39} 59, |43].

Finally, this architectural choice clarifies the relationship between the present
chapter and the safety-oriented control frameworks developed earlier in the thesis.
The language-based programming interface introduced here does not reuse, augment,
or replace any safety mechanisms, nor does it make claims regarding compliance
with industrial safety standards |2, [50]. Its contribution lies entirely at the level
of human-robot communication and task specification, addressing the cognitive
dimension of robot programming rather than the physical or normative one [43) 20].

In the next section, this separation is operationalized through the introduction
of a deterministic behavioral core that mediates between language-derived task rep-
resentations and robot execution, ensuring that all actions triggered through natural
language are executed within a controlled, transparent, and auditable framework.
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6.2 AI-ROS2 Interface Design: A Deterministic
Behavioral Core Between Language and Ac-
tion

The central architectural claim of this chapter is that large language models can
support intuitive robot programming only if their role is confined to symbolic spec-
ification and all execution authority remains within deterministic software. This
chapter operationalizes this claim by introducing a modular ROS2 architecture in
which the LLM produces a structured task plan, while a dedicated Behavior Core
validates and executes that plan through a finite library of primitives 23], (60, 43].
This architectural separation is therefore treated as a design constraint: the LLM
may contribute semantic structure, but only deterministic software may commit
actions to the robot [58, 20, 42].

6.2.1 Module Decomposition and ROS2 Communication
Contract

The architecture comprises four explicit modules: Perception, User Input / ChatGPT
Node, Behavior Core, and Robot Interface (Fig. . Their separation is deliberately
chosen so that each module has a narrow contract, and failure can be localized to a
specific interface rather than propagating implicitly across the stack [23].

Perception module (open-vocabulary object state). The perception module
provides the structured scene information required by the Behavior Core to bind
symbolic task plans to concrete objects in the workspace. In the implementation
adopted in this chapter, perception is built around YOLO-World, an open-vocabulary
object detection framework that extends the YOLO family by enabling language-
conditioned detection: rather than restricting recognition to a fixed closed set of
classes, the detector can be queried at runtime with textual labels (e.g., “red box”,
“battery”, “tool”) and returns bounding boxes with associated confidence scores
for the queried concepts [63]. Conceptually, this shifts the perception interface
from “choose among predefined classes” to “request the objects referenced in the
task description,” thereby supporting flexible task specification without requiring
task-specific retraining or a frozen object taxonomy.

To enable downstream deterministic execution, the output of this perception
stage is not treated as raw visual data (images, feature maps) but is converted into
a structured world state published over ROS2. This world state contains semantic
identifiers, confidence values, and associated 3D coordinates (e.g., obtained via
depth sensing or geometric back-projection), and is encapsulated in a dedicated
message type (WorldState.msg) consumed by the Behavior Core. In this way, open-
vocabulary perception expands the label space that the user can refer to in language,
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while the Behavior Core still interacts only with explicit symbolic variables and
typed messages, preserving modularity and traceability at execution time.

User Input and ChatGPT Node (language-to-plan compilation). The user
specifies the task via natural language (e.g. a text interface). The instruction is
sent to the ChatGPT API together with an augmented prompt that constrains
the model output to a prescribed JSON structure. The output is not executed
directly; it is parsed into a structured task-plan message (denoted TaskPlan.msg)
and forwarded to the Behavior Core. This node can be viewed as a compiler front-end:
it translates linguistic intent into a symbolic intermediate representation that is
syntactically constrained but still semantically uncertain, hence requiring downstream
validation [58, 20]. In this implementation, the LLM is accessed as an external service
via API calls, while all validation and execution remain local within the ROS2 system.

Behavior Core (execution authority). The Behavior Core is the authoritative
layer of the architecture. It receives (i) TaskPlan.msg from the ChatGPT Node and
(ii) WorldState.msg from Perception, and it converts them into validated primitive
calls dispatched to the Robot Interface. In contrast with LLM-centric approaches that
blur planning and execution, the Behavior Core is designed to preserve determinism
through explicit validation, explicit state management, and event-driven control logic
implemented in conventional software modules rather than in the language model [8,

0, [43].

Robot Interface (primitive implementation). The Robot Interface consists of
one or more ROS2 nodes that implement the primitive functions referenced in the task
plan (e.g., move_to, grab, release/place, and auxiliary computation primitives
such as offset computation). The key invariant is that the interface exposes a closed
set of primitives: the LLM cannot synthesize new primitives, bypass the Behavior
Core, or inject arbitrary control code. This is what makes the system “safe-ish” in the
narrow sense of limiting hallucinations: even a perfectly fluent but incorrect language
output cannot extend the robot action repertoire beyond what the deterministic
system already implements |43, |42].

6.2.2 Internal Structure of the Behavior Core

The Behavior Core is not monolithic; it is implemented as a modular execution
pipeline comprising three submodules: (Behavior Executor, Buffer Manager, and
Trigger Evaluator) whose separation is essential for transparency and predictable

behavior (Fig. 8 9].
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Figure 6.1: Overall ROS2 architecture for language-based robot programming, high-
lighting the separation between LLM plan generation, deterministic validation/exe-
cution, and primitive actuation.

Behavior Executor. The Behavior Executor interprets each primitive object in the
task plan and dispatches the corresponding execution request to the Robot Interface.
It also interfaces with Perception during execution when verification is required, for
example to confirm the presence or pose of an object before committing to the next
command. Crucially, these queries do not regenerate the high-level plan; they only
confirm preconditions for executing the already validated plan structure [43].

Buffer Manager. The Buffer Manager maintains a short-term memory of symbolic
variables and execution-relevant state across multi-step actions. This includes lists of
detected object poses, intermediate computed poses (e.g., safe offsets), and execution
logs that ensure internal consistency across a repeated cycle. In other words, it is
the mechanism by which the system retains coherence across a multi-primitive plan
without delegating memory or bookkeeping to the language model [43].

Trigger Evaluator. The Trigger Evaluator implements the event-driven loop
semantics encoded in the task plan: after a cycle completes, it evaluates a logical
condition over the buffered state (e.g., whether any objects remain to be processed)
and determines whether the repeat block should execute again or terminate. This
yields a lightweight event-driven execution mechanism that enables reactivity to
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Figure 6.2: Behavior Core and its interfaces, including submodules responsible for
primitive dispatch, state buffering, and trigger evaluation.

perception updates without forcing the LLM to continuously replan [43].

6.2.3 Discrete Perception—Execution Cycles and Determin-
istic Flow

A subtle but crucial feature of the architecture is that it operates in discrete perception—
execution cycles. Execution proceeds by consuming a validated primitive sequence;
once the sequence (or a cycle) completes, the perception module rescans the workspace
to update WorldState.msg, which is then used to evaluate the trigger condition for
the next iteration. This design choice yields two properties that are easily lost in
overly generic descriptions: (i) the Behavior Core remains a deterministic interpreter
of a symbolic plan, and (ii) the system can incorporate updated perception between
cycles without requiring language-model re-generation of the plan [43].

This cycle-based execution logic is also what makes responsibility attribution
meaningful: any executed motion primitive can be traced back to (a) a specific element
in TaskPlan.msg and (b) a specific deterministic decision of the Behavior Core (buffer
update, trigger evaluation, or executor dispatch). This traceability is precisely what
the architecture is designed to preserve when incorporating probabilistic language
parsing upstream [20, 42].

6.2.4 Limitations due to perception uncertainty

The deterministic nature of the Behavior Core guarantees that, given a valid se-
mantic description of the environment, the executed robot behavior is predictable
and reproducible. However, this determinism does not mitigate errors originating
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from upstream perception modules. In particular, if the vision system incorrectly
classifies an object (for example, misinterpreting a human hand as a manipulable
workpiece), the deterministic execution layer would process this incorrect semantic
input and generate the corresponding manipulation command. Consequently, the
safety properties of this architecture differ fundamentally from those provided by
the energetic guarantees of the control framework presented in Chapter 5] In the
present Al-assisted programming architecture, safety must therefore be interpreted
as probabilistic and dependent on the reliability of the perception system and the
redundancy of the sensing pipeline.

6.3 Semantic Understanding and Context Aware-
ness via Structured Task Plans

In this chapter, “semantic understanding” does not mean that the robot acquires
an internal language grounding comparable to human semantic competence; rather,
it denotes a controlled translation from natural language to a bounded symbolic
representation that can be executed deterministically. This is achieved by requiring
every LLM output to conform to a JSON schema and by treating the resulting JSON
object as an intermediate representation (TaskPlan.msg) validated and executed by
the Behavior Core. This section explicates that representation in detail because it is
the technical mechanism that makes the overall approach viable [43| |60].

6.3.1 TaskPlan JSON Schema: Fields, Roles, and Execution
Semantics

The task plan is a hierarchical JSON object comprising: (i) an identifier, (ii) a
repetition flag, (iii) a trigger condition governing termination, and (iv) two ordered
lists of actions: initialization actions executed once and repeat actions executed
cyclically. This structure is more expressive than a flat sequence of primitives
because it supports iterative, event-driven behaviors while remaining simple enough
to validate robustly [43].

Top-level keys. The top-level schema includes the following keys:

e behavior_id: a string identifier used for traceability, debugging, and logging.
e repeat: a boolean enabling cyclic execution.

e on trigger: an object encoding a logical condition (e.g., over perceived object
lists) used by the Trigger Evaluator to determine whether to continue the cycle.
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e init actions: a list of primitives executed once before the loop begins (often
used to compute auxiliary positions such as pallet layouts or offsets).

e repeat_actions: the sequence of primitives that defines the cyclic behavior of
the task, executed repeatedly until the trigger condition becomes false.

Primitive action objects. Each action element is itself a structured object that
minimally specifies a function field naming a primitive implemented by the Robot
Interface, and may include optional fields that enable symbolic data flow through the
Buffer Manager [43]. This work highlights three particularly important mechanisms:

e params: a dictionary of primitive parameters. A key pattern is from, which
binds the primitive to a buffered variable (e.g., a list of object poses).

e store_as: a symbolic variable name into which the primitive output is stored
for reuse by subsequent primitives (e.g., saving an “offset” pose as a safe
approach point).

e use next: a boolean flag indicating that the primitive should consume the
next element of a list-valued variable (e.g., pop the next detected box pose
from box_positions).

These fields implement a constrained form of program state without allowing
arbitrary computation: the plan expresses data dependencies only through variable
names and list-consumption flags, while all computation occurs inside determinis-
tic primitives (e.g., offset computation, pallet planning) implemented outside the
LLM [43].

6.3.2 Representative Plan Instance (Palletization Loop)

The schema is best understood through a representative example (Listing , which
encodes a palletization loop. Here, the user instruction (e.g., “palletize all boxes”) is
translated into (i) an initialization block that generates pallet target poses and (ii) a
repeat block that iteratively picks and places objects while boxes remain detected [43].

What this plan encodes (and what it deliberately forbids). This plan is si-
multaneously expressive and restrictive. It is expressive because it encodes a task-level
loop with a termination condition driven by perception (len(box_positions) >=
1), as well as a structured sequence with intermediate symbolic variables (pick_safe,
place_safe). It is restrictive because every computational operation is delegated
to deterministic primitives (plan pallet, offset position) and every physical
command is mediated through a finite action set (move_to, grab, place). The LLM
does not provide control laws, does not compute kinematics, and does not implement
perception; it only emits a schema-conformant plan that references these capabilities.
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Listing 6.1: Representative TaskPlan JSON structure produced by the LLM and
validated by the Behavior Core (palletization loop).

{

"behavior_id": "palletize_loop",
"repeat": true,
"on_trigger": { "condition": "len(box_positions) >= 1" },
"init_actions": [
{ "function": "plan_pallet", "store_as": "pallet_positions"
i
"repeat_actions": [
{ "function": "offset_position",
"params": { "from": "box_positions", "dz": 0.10 },
"store_as": "pick_safe" },
{ "function": "move_to", "params": { "from": "pick_safe" }
{ "function": "move_to", "params": { "from": "box_positions
", "use_next": true } },
{ "function": "grab" },
{ "function": "offset_position",
"params": { "from": "pallet_positions", "dz": 0.10 },
"store_as": "place_safe" },
{ "function": "move_to", "params": { "from": "place_safe" }
{ "function": "move_to", "params": { "from": "
pallet_positions", "use_next": true } },
{ "function": "place" }
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6.3.3 Validation Contract and Failure Containment

Because the plan is generated by a probabilistic model, validation is not optional:
it is the mechanism that turns “LLM output” into an admissible program within
a closed-world robotic system. The Behavior Core validates both syntaz (schema
conformity) and semantic admissibility (primitive closure and parameter integrity)
before dispatching any action. This represents the key barrier preventing hallucinated
plans from becoming executed motions [58, 20, [42].

At minimum, the validation contract must enforce:

e Primitive closure: function must belong to the Robot Interface primitive
set.

e Typed structure: repeat is boolean; init_actions and repeat_actions
are lists of objects; on_trigger is a condition object.

e Reference integrity: variables referenced in params.from must exist in the
Buffer Manager state or be defined by prior store_as bindings.

e Trigger admissibility: on_trigger.condition must be evaluable by the
Trigger Evaluator within a restricted predicate language (e.g., bounded boolean
expressions over list sizes and simple comparisons), rather than arbitrary code
execution.

Context awareness as bounded fusion. Finally, this chapter’s notion of “context
awareness” is not a claim about full multimodal reasoning. It is the controlled fusion
of (i) a structured perceptual world state from YOLO-World and (ii) a structured
symbolic plan from the LLM. The Behavior Core is where these two are combined:
it buffers scene variables, checks triggers, and can request perception rescans when
required to confirm preconditions. This yields a pragmatic form of context sensitivity
while preserving the fundamental constraint that plan authority and execution
authority remain distinct [43].

6.4 Experimental Demonstrations of Language-
Guided Robot Programming

The experimental activity presented in this section aims to demonstrate the feasibility
and practical relevance of language-based robot programming when large language
models are employed strictly as programming interfaces. The objective of the
experiments is not to evaluate control performance, physical interaction quality,
or safety guarantees, but to assess whether natural language can be effectively
translated into structured task specifications that are correctly interpreted and
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executed by a deterministic robotic system. In line with the scope of this chapter, all
experiments focus on cognitive accessibility, execution transparency, and robustness
at the interface level [39] |43].

The experimental framework follows the architectural principles introduced in
the previous sections. Natural language commands provided by the user are processed
by a large language model, which generates a structured task representation compliant
with a predefined schema. This representation is subsequently validated and executed
by the behavioral core, which orchestrates the execution of predefined primitive skills.
At no point does the language model interact directly with low-level control, sensing,
or actuation, nor does it participate in real-time decision-making [60, 20].

6.4.1 Experimental Setup and Execution Pipeline

The experimental setup consists of a robotic manipulator equipped with a set of
pre-implemented primitive skills, including basic motion primitives and manipulation
actions. These skills are exposed to the behavioral core through a deterministic
execution interface, while the language model operates externally as a semantic
interpreter. Communication between the language interface, the behavioral core,
and the robot execution layer is implemented using a modular software architecture,
ensuring clear separation of responsibilities and reproducible execution semantics |23,
43].

Figure summarizes the system architecture adopted in the experiments,
from language parsing to deterministic execution through the Behavior Core. A
natural language instruction is translated into a schema-conformant task description,
validated against the primitive library and parameter constraints, and then executed
as a deterministic sequence by the Behavior Core; any invalid or ambiguous model
output is rejected during validation and never propagates to actuation.

6.4.2 Representative Language-(GGuided Programming Sce-
narios

The experiments include representative task scenarios designed to reflect common
programming needs in industrial and laboratory contexts, including pick-and-place
operations, object relocation, and simple inspection or positioning tasks. Two
illustrative examples are reported in Fig. and Fig.[6.4 In the first, the user issues
a natural-language instruction to palletize all bozxes in the scene; in the second, the
user requests the system to sort the boxes by color. In both cases, commands are
intentionally expressed in unconstrained language, allowing the user to specify task
intent at a semantic level without explicitly defining robot-centric details such as
joint configurations, reference frames, waypoints, or motion parameters [39, |59).

Across all scenarios, the language model successfully generates structured task
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representations that are compatible with the behavioral core, provided that the
requested actions fall within the available primitive skill set. When commands exceed
system capabilities or reference unsupported actions, the framework fails gracefully
by rejecting the task or requesting clarification, rather than attempting unsafe or
undefined execution. This behavior highlights the importance of constrained action
spaces and deterministic validation in mitigating the impact of language-model

uncertainty [43, 42].

(a) Two boxes are placed in (b) Two additional boxes are (c) All four boxes have been
the picking area; the robot placed while the robot is oper- palletized according to the
receives the natural-language ating; the system rescans the LLM-generated plan and Be-
instruction to palletize all de- scene at the next perception— havior Core execution cycle.
tected boxes. execution cycle and updates

the buffered object list ac-

cordingly.

Figure 6.3: The system receives a natural-language command to palletize the boxes
on the table. As additional boxes appear during execution, the YOLO-World
perception module updates the world state at the next perception—execution cycle
and the Behavior Core extends the loop accordingly, resulting in all four boxes being
successfully palletized.

6.4.3 Qualitative Evaluation and Observations

The primary outcome of the experimental activity is qualitative rather than quantita-
tive. From a usability perspective, language-based programming significantly reduces
the cognitive burden associated with task specification, allowing users to express
intent directly without intermediate translation into low-level robot commands. This
observation is consistent with findings reported in recent studies on natural-language
interfaces for robotics, which emphasize improvements in accessibility and task

formulation efficiency , .

From a system perspective, every executed motion can be traced from a specific
JSON plan element (Listing , through a specific primitive invocation, to the cor-
responding execution log produced by the Behavior Core, which supports debugging
and post hoc accountability without requiring interpretability of the language model

itself [8] 20].
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(a) Two boxes of different col- (b) The robot sorted one of (¢) All boxes have been
ors are placed in the pick- the boxes in the correspond- sorted according to the LLM-
ing area; the robot receives ing area. generated plan and Behavior
the natural-language instruc- Core execution cycle.

tion to sort all detected boxes

based on the color.

Figure 6.4: The system receives a natural-language command to sort the boxes on
the table into two corresponding areas.

It is important to emphasize that no claims are made regarding robustness
to adversarial prompts, generalization beyond the tested scenarios, or resilience to
language-model failure modes. The experiments are intentionally scoped to illustrate
feasibility and architectural soundness rather than completeness or optimality .
In particular, the absence of safety supervision, force limitation, or interaction-aware
control in these experiments reflects a deliberate design choice aligned with the scope
of this chapter.

6.4.4 Discussion of Scope and Limitations of the Experimen-
tal Validation

The experimental demonstrations presented here should be interpreted strictly as
evidence that language-based programming can be integrated into robotic systems
without compromising deterministic execution, provided that the language model is
properly constrained. They do not constitute a validation of autonomous task execu-
tion, nor do they imply that natural language interfaces are suitable for unstructured
or safety-critical environments [20} 42].

By confining the role of the language model to semantic interpretation and
grounding all execution in predefined skills, the experiments illustrate a pragmatic
pathway for introducing LLM-based interfaces into robotics without overextending
their capabilities. This perspective aligns with recent calls for conservative and
transparent integration strategies when deploying foundation models in embodied

systems [43)], [46].
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The following section concludes the chapter by explicitly articulating the limi-
tations, risks, and non-claims associated with the proposed approach, reinforcing
the distinction between cognitive accessibility and physical safety that underpins the
entire contribution of this chapter.

6.5 Limitations, Risks, and Explicit Non-Claims

The language-based robot programming framework presented in this chapter is
intentionally scoped and conservative. While it demonstrates the feasibility and
practical utility of large language models as programming interfaces, it also exhibits
fundamental limitations that must be acknowledged explicitly. These limitations
are not incidental shortcomings of the implementation, but rather structural conse-
quences of the design choices adopted to preserve determinism, transparency, and
responsibility attribution within the robotic system [20, 42].

A first and central limitation concerns safety. The framework described in this
chapter does not implement, reuse, or enforce any physical safety mechanisms, nor
does it provide guarantees with respect to human-robot interaction safety, collision
avoidance, force limitation, or compliance with industrial safety standards [2| [50]. No
assumptions are made regarding speed and separation monitoring, power and force
limiting, or any other normative safety paradigm. As a consequence, the proposed
approach must not be interpreted as a safety-certified solution, nor as a replacement
for established safety architectures developed elsewhere in this thesis or in the broader
robotics literature [1].

The use of the term “safe-ish” throughout this chapter refers exclusively to
architectural risk mitigation at the programming-interface level. Specifically, it
denotes the reduction of semantic and execution-level risks arising from unconstrained
natural language input, achieved through the use of primitive skills, constrained
action spaces, and deterministic validation layers. This notion does not imply physical
safety, normative compliance, or protection against harmful interactions, and should
not be conflated with certified safety concepts used in industrial or collaborative
robotics |20, |43].

A second limitation concerns the inherent properties of large language models.
LLMs are probabilistic systems whose outputs are sensitive to prompt formulation,
contextual framing, and decoding strategies |38, 58]. They may produce hallucinated,
inconsistent, or contextually inappropriate responses, particularly when operating
outside narrowly constrained domains [60]. While the proposed framework mitigates
the impact of such failures by restricting the authority of the language model,
it does not eliminate them. As a result, language-based programming remains
vulnerable to upstream misinterpretations that must be handled through validation,
user supervision, and conservative system design [42].

Another important limitation lies in the expressiveness of the action space.
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By design, the robot can only execute behaviors that are already implemented
as primitive skills. While this constraint is essential for preserving determinism
and transparency, it also limits the range of tasks that can be specified through
natural language. The framework does not support the synthesis of novel skills, the
generation of new control policies, or autonomous learning from language input [39,
59]. Consequently, the system should be understood as a programming aid rather
than an autonomy-enhancing mechanism.

From an evaluation standpoint, the experimental results presented in this chapter
are qualitative and illustrative. They demonstrate feasibility and architectural
coherence, but do not constitute a comprehensive assessment of usability, robustness,
or scalability. No user studies are conducted to quantify reductions in programming
time or cognitive load, and no benchmarks are provided to compare the proposed
approach against alternative programming interfaces [64]. These aspects represent
important directions for future investigation, but fall outside the scope of the present
work.

It is also important to emphasize that the framework does not address broader
ethical, legal, or organizational implications associated with the deployment of large
language models in industrial settings. Issues such as accountability for errors,
intellectual property concerns, data privacy, and long-term system maintenance are
acknowledged but not resolved here [20]. Addressing these dimensions would require
interdisciplinary analysis beyond the technical focus of this thesis.

Finally, the chapter advances several explicit non-claims that are critical to its
correct interpretation. The proposed approach does not claim to enable autonomous
robot behavior, does not claim robustness to adversarial or malicious inputs, and
does not claim suitability for safety-critical or unstructured environments. It does not
assert compliance with any industrial safety standard, nor does it suggest that natural
language interfaces can replace traditional engineering practices in robot programming.
Instead, the contribution of this chapter lies in demonstrating that, when carefully
constrained, large language models can serve as effective programming interfaces
that reduce cognitive barriers without compromising deterministic execution [43, [60].

By articulating these limitations and non-claims explicitly, this chapter positions
language-based robot programming as a complementary interaction modality rather
than a disruptive replacement for existing control and safety frameworks. The results
presented here should therefore be interpreted as a step toward more accessible
and expressive robot programming interfaces, grounded in architectural rigor and
epistemic humility, rather than as an endpoint in the pursuit of intelligent or
autonomous robotic systems.
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Chapter 7

Results, Discussion, and Synthesis

This chapter performs the integrative work that the preceding chapters deliberately
postpone. Chapters introduced three programming modalities (physical lead-
through on an industrial robot, PFL-oriented physical interaction in collaborative
settings, and language-based programming mediated by a Large Language Model
(LLM)) because they embody three distinct answers to the same research ques-
tion: how can robot programming be made substantially easier for non-expert users
without quietly weakening the safety and interpretability assumptions that industrial
deployment requires?

The key claim defended here is that the dissertation is unified not by a single
algorithm reused everywhere, but by a consistent logic of claims and guarantees
across programming modalities. This chapter therefore (i) consolidates empirical
outcomes, (ii) compares the approaches along shared axes, (iii) isolates the theoretical
and practical contributions, and (iv) states limitations that delimit what is (and is
not) claimed.

7.1 Summary of Experimental Outcomes

A recurring difficulty in synthesizing results across modalities is that each modality
is evaluated with metrics that are native to its safety logic: torque reconstruc-
tion error for identification, distance-based indicators for SSM-inspired supervision,
residual-based energy inequalities for PFL, and plan validity together with qualitative
execution demonstrations for LLM-mediated programming. Rather than forcing these
into a single scalar score (which would be methodologically misleading), this section
summarizes outcomes at the level of validated claims: what each stage demonstrates,
under which assumptions, and with what observable evidence.

Throughout this chapter, “validation” is used in a modality-dependent sense: iden-
tification is validated against measured torque signals, physical-interaction safety
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reasoning is validated through satisfaction of the corresponding supervisory or PFL
constraints in experimental trials, and LLM-based programming is validated through
plan admissibility and deterministic executability rather than physical safety certifi-
cation.

7.1.1 Dynamic identification outcomes: accuracy as an epis-
temic instrument, not a control dependency

Chapter 3| establishes an identified rigid-body model whose purpose in the dissertation
is analytical: it supports physical interpretation, torque-level validation, and safety-
relevant reasoning (e.g., torque- and power-related diagnostic quantities), while
remaining explicitly non-functional with respect to the admittance controller. In
particular, the admittance-based programming methods of Chapters remain
operationally independent of this model; the model is instead used to quantify how
the system behaves and why certain safety margins shrink or expand under different
dynamic conditions.

Empirically, model fidelity is validated through torque reconstruction. Static valida-
tion yields joint-wise errors summarized in Table with larger residuals concen-
trated in the proximal joints where coupling and unmodeled mechanisms are most
influential. Dynamic validation, shown qualitatively in Fig. [3.3, demonstrates that
the reconstructed torque profiles track measured signals with consistent phase and
amplitude trends across excitation segments. The interpretive value of these results
is twofold: they justify using the model as a diagnostic reference.

7.1.2 Industrial lead-through outcomes: distance-supervised
compliance with energy-consistent adaptation

Chapter {d|demonstrates that physical lead-through programming on a non-collaborative
industrial manipulator can be made substantially more accessible by embedding a
compliant interaction layer (variable/adaptive admittance) while supervising mo-
tion through a distance-inspired safety logic. The key outcome is not the claim of
normative compliance, but the demonstration of a coherent architecture in which
(i) user guidance is interpreted through a compliant dynamic relation, (ii) safety is
enforced through supervision and constraint-based modulation, and (iii) parameter
adaptation is constrained by passivity-inspired mechanisms intended to preserve
energetic consistency under time-varying admittance.

The framework is SSM-inspired in the limited sense that distance-to-human informa-
tion is used to modulate compliance and motion supervision; it is not presented as
[SO-certified SSM, nor as a replacement for a certified safety controller.
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7.1.3 Collaborative interaction outcomes: PFL safety rea-
soning with energy-based variable admittance

Chapter |5 shifts the safety paradigm from distance supervision to Power and Force
Limiting (PFL), where the core question is not separation but contact tolerance under
bounded transferred energy. The central empirical outcome is that variable/adaptive
admittance can be used as a safety-relevant knob because the desired inertia shapes
the apparent mass along the approach direction, and thereby constrains the admissible
velocity under a fixed energy limit. In the PFL formulation adopted throughout the
thesis, safety is monitored through a residual quantity A that compares predicted
transferred energy against the limit ELEL and parameter updates are selected

(algorithmically or via optimization) to keep the system on the safe side of the
inequality.

A crucial practical outcome is that safety-aware adaptation is not merely reactive
damping injection after violation, but can be posed as a one-step predictive update
selection problem: the controller evaluates whether the post-update state would violate
the PFL constraint, and rejects/adjusts candidate parameters accordingly (cf. the
predictive residual construction used in the optimization-oriented formulation). This
anticipatory logic is precisely what enables variable admittance to be safety-oriented
rather than purely performance-oriented.

7.1.4 LLM-based programming outcomes: bounded action
space and deterministic execution, not certified safety

Chapter [6] provides a third modality of programming accessibility: the user expresses
intent in natural language, while execution is mediated by a structured interface
that explicitly separates natural-language specification from deterministic execution.
The LLM (ChatGPT Node) is treated as a compiler from language to a constrained
task plan; it is neither a controller nor an online planner. Execution authority is
assigned to the deterministic Behavior Core, which enforces primitive closure, typed
structure, reference integrity, and admissible triggers before any motion primitive
can be invoked.

Here, “validation” refers to structural and semantic admissibility of the generated
plan with respect to the closed primitive set and trigger language, rather than
validation of physical safety properties in the ISO sense.

The empirical and architectural outcome to retain for synthesis is therefore not a
safety claim in ISO terms, but a boundedness claim: the system is “safe-ish” only
insofar as it restricts what the LLM can ask the robot to do and validates plans before
execution. This is a different kind of guarantee from SSM/PFL: it is a guarantee
about the space of commands and the structure of execution, not about human injury
thresholds or certified safety functions.

145



Table 7.1: Empirical outcomes and validation evidence across programming modali-
ties.

Modality Observed quantity / Validation evidence
property

Identification Joint torque reconstruction Static and dynamic
accuracy (RMSE;) torque  comparisons

(Ch.

Industrial lead- Distance-based safety indica- Proximity experiments

through tors; compliant response to and constraint activa-
guidance tions (Ch.

Collaborative inter- Energy residual h; admissi- PFL-constrained inter-

action (PFL) ble velocity envelopes action trials (Ch.

LLM-based pro- Primitive closure; plan valid- Schema validation, exe-

gramming ity; deterministic execution cution logs, task demon-
flow strations (Ch. @

Table summarizes these outcomes in a modality-agnostic format: it records what
was empirically observed and what artifact substantiates the claim, without forcing
different paradigms into a single scalar metric. This summary then becomes the
input to the comparative analysis in Section where the modalities are contrasted
in terms of guarantees, assumptions, and failure modes.

7.2 Comparative Analysis

A meaningful comparison across Chapters requires resisting an attractive but
incorrect framing: that the thesis progresses from “model-based control” to “Al
control.” The dissertation does not argue for replacing physics with learning. Instead,
it argues for stacking programming modalities while preserving explicit boundaries
between (i) physical interaction laws, (ii) safety paradigms, and (iii) execution
authority.

Across these modalities, the unifying architectural stance is to separate the human-
facing interface (physical guidance or language) from the execution authority, and
to make explicit what is bounded and under which safety paradigm the bound is
interpreted.

7.2.1 Shared axes of comparison

To prevent “apples vs. oranges” objections, we compare modalities along four axes:
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Table 7.2: Comparative matrix across modalities using the shared axes defined in

Section m

Axis Industrial lead- Collaborative LLM program-
through PFL ming
Intent channel Physical guidance Physical interac- Natural language
tion
Bounded quantity Distance- Transferred energy Primitive/action
supervised / residual space
modulation of
motion/compli-
ance
Core guarantee Conservative Energy-based Deterministic ex-
supervision of contact-tolerance  ecution + valida-
compliant motion  reasoning tion
Primary risk Sensing uncer- Feasibility under Miscompiled
tainty; unmodeled real-time con- plans; perception
effects straints mismatch
Explicit non- [SO-certified SSM  Universal — safety ISO safety / SSM
claim beyond model / PFL compliance
assumptions

1. Where intent enters: physical guidance forces/velocities vs. language.

2. What is bounded: distance-conditioned modulation of motion/compliance
vs. transferred energy (PFL) vs. discrete primitive/action space.

3. What the controller assumes: (no dynamic model dependency) vs. energy
limit tables and approach-direction projections vs. typed schemas and validated
triggers.

4. Failure modes: unmodeled dynamics and sensing uncertainty vs. residual con-
servatism and real-time feasibility vs. semantic miscompilation and perception
mismatch.

7.2.2 What “safe and easy programming” means in this
dissertation

7

The comparative matrix clarifies an important conceptual point: in this thesis, “safe
is not a single predicate. It is a family resemblance term whose meaning depends
on which part of the stack is being discussed. In the physical-interaction modalities,
safety is tied to physically grounded quantities (distance margins, transferred energy
bounds) and is evaluated in continuous time. In the language-based modality, safety
is tied to command admaissibility and execution structure; it is evaluated in discrete
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cycles with a deterministic executive. The dissertation’s coherence depends on
making this polysemy explicit rather than trying to collapse it.

7.3 Theoretical and Practical Contributions

The contributions of the dissertation are best stated as contributions to a design
methodology for HRI programming, not as isolated algorithmic novelties. The thesis
contributes:

7.3.1 Structured parameter identification via static-dynamic
separation

A first methodological contribution of the dissertation lies in the structured treatment
of dynamic parameter identification, where static and dynamic effects are explicitly
separated rather than estimated through a single monolithic regression. Instead
of treating gravity, friction, and inertial parameters as a homogeneous parameter
vector, the identification procedure isolates static contributions (gravity and friction)
from velocity- and acceleration-dependent dynamics, and estimates them through
excitation trajectories tailored to their physical role.

This separation is not merely a numerical convenience. It reflects a physical mod-
eling stance in which different classes of parameters are associated with different
observability conditions, noise sensitivities, and validation criteria. Static terms are
identified under quasi-static conditions where inertial effects are negligible, while
dynamic parameters are identified using persistently exciting motions designed to
expose inertial coupling. As a result, the identified model supports meaningful
physical interpretation and joint-wise diagnostic analysis, rather than acting as a
black-box torque predictor.

Crucially, this identification structure aligns with the broader philosophy of the
dissertation: models are introduced to ezplain and wvalidate robot behavior, not to
serve as hidden dependencies of interaction control laws. By separating static and
dynamic effects at the identification level, the resulting model becomes a transparent
analytical reference for subsequent chapters, supporting energy estimation, safety-
related reasoning, and experimental interpretation without imposing unrealistic
accuracy requirements on the control architecture.
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7.3.2 Energy-consistent adaptation: variable admittance as
a safety-relevant degree of freedom

A second contribution is the systematic use of energy-based reasoning to enable
time-varying admittance without destabilizing energy injection. In the industrial case,
this appears as the insistence that adaptation must not break energetic consistency
when parameters change online. In the collaborative PFL case, this is sharpened
into a safety-oriented view of admittance: since desired inertia shapes apparent
mass, and apparent mass shapes admissible velocities under a fixed EZEL parameter
adaptation is not merely “feel tuning” but a lever that trades responsiveness against
bounded collision energy. The dissertation’s contribution is to make that coupling
operational in real-time adaptation laws (algorithmic and optimization-based) while

retaining passivity-inspired constraints.

7.3.3 Bounded autonomy for language programming: deter-
ministic execution as the safety-relevant boundary

A third contribution is architectural: the LLM component is intentionally demoted
from executive authority to a constrained plan generator, while the Behavior Core
enforces correctness properties that are checkable (schema validity, typed parameters,
reference integrity, restricted triggers, and primitive closure). This yields a principled
“safe-ish” interface: it does not claim physical safety compliance, but it does claim
that the LLM cannot directly issue arbitrary motion commands, and that execution
is mediated by a closed set of validated primitives. The contribution is therefore not
“LLMs control robots,” but “LLMs can be used as programming interfaces when the
execution boundary is deterministic and formally checkable.”

7.4 Limitations and Lessons Learned

The thesis makes progress by narrowing claims to what is supportable; this section
states the remaining gaps that delimit generalization.

7.4.1 Limits of distance-based supervision in industrial lead-
through

Distance-aware supervision is only as credible as the sensing and geometric abstraction
that supports it. Occlusions, latency, conservative geometric proxies, and calibration
drift all tend to bias the system either toward unsafe over-optimism (unacceptable)
or toward excessive conservatism (reduced usability). The main lesson is that, in an
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industrial context, supervision-based approaches should be framed as architecture-
compatible strategies that can enhance safe interaction, but they should not be
rhetorically conflated with certified safety functions unless the complete safety chain
is implemented and validated.

7.4.2 Limits of PFL reasoning under modeling and contact
assumptions

Energy-based PFL reasoning relies on assumptions about equivalent human mass,
effective stiffness, contact area, and the relevance of approach-direction projections.
These assumptions are defensible as engineering abstractions and align with the
logic of ISO/TS-like tabulations, but they are not universally precise for all contacts,
postures, tools, or transient impacts. The lesson is that PFL safety margins should
be treated as structured conservatism: valuable for shaping interaction envelopes,
but necessarily dependent on anatomical /contextual parameterization and on the
quality of velocity estimation.

7.4.3 Limits of LLM “safe-ish” programming

The language-based programming pipeline is intentionally not framed as physically
safe. Its main limitation is that bounded primitives and validation constrain what
can be executed, but do not certify how safely execution unfolds in human proximity:.
Moreover, plan validity does not imply semantic correctness: a schema-valid plan may
still be contextually wrong when perception is uncertain or when the user instruction
is underspecified. The principal lesson is that language interfaces become credible
in robotics not by inflating autonomy, but by strengthening execution boundaries,
observability, and failure handling.

In combination, these limitations motivate the concluding chapter: future research
must focus on bridging these modalities without collapsing their guarantees, i.e.,
integrating richer safety monitors and predictive reasoning into execution cores while
preserving the architectural separation that prevents overclaiming.
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Chapter 8

Conclusions and Future Outlook

This dissertation set out to address a long-standing tension in industrial and collabora-
tive robotics: the need to make robot programming accessible and intuitive to human
operators, while preserving physically grounded, explicitly bounded safety guaran-
tees. Rather than proposing a single unifying control framework or a monolithic
notion of safety, the thesis deliberately developed and analyzed three complementary
programming modalities (physical lead-through programming on industrial robots,
physical interaction on collaborative platforms, and language-based programming via
Large Language Models) each grounded in a distinct safety paradigm and associated
with a clearly delimited set of claims.

The central contribution of the thesis is not a new controller, algorithm, or inter-
face in isolation, but a coherent design doctrine for safe and easy robot programming.
Across all modalities, ease of programming is achieved by lowering the abstraction
barrier at the human-robot interface, while safety is preserved by explicitly bounding
a modality-specific physical or structural quantity. Crucially, these bounds are
neither implicit nor rhetorical: they are formulated, monitored, and validated within
architectures that enforce a strict separation between intent specification, execution
authority, and safety enforcement.

In the industrial lead-through case, ease of programming emerges from variable
admittance control that allows intuitive physical guidance of a non-collaborative
manipulator. Safety, however, is not claimed through force or power limitation, nor
through certified Speed and Separation Monitoring. Instead, it is achieved through
distance-aware supervision inspired by SSM principles, coupled with passivity-inspired
energy reasoning that ensures energetic consistency under time-varying admittance
parameters. The identified dynamic model plays a strictly analytical role in this
context: it supports interpretation, validation, and the computation of diagnostic
quantities.

The second modality extends these insights to collaborative and research robots
operating under a Power and Force Limiting paradigm. Here, physical interaction
is inherently contact-tolerant, and safety is formulated in energetic terms through
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measurable residuals and bounded energy exchange. Variable and adaptive admit-
tance strategies (both algorithmic and optimization-based) are developed within a
passivity-consistent framework, where energy tanks serve as the central mechanism
for regulating parameter adaptation. The safety claim is thus indexed to a specific,
experimentally verifiable quantity: the satisfaction of PFL-related energetic con-
straints during interaction. As in the industrial case, the thesis avoids conflating
modeling accuracy with safety guarantees; the emphasis remains on bounded energy
flow rather than on exact dynamic inversion.

The third modality, language-based robot programming using Large Language
Models, occupies a deliberately different position in the safety landscape. Here, the
contribution lies in demonstrating how natural-language interaction can be integrated
into robot programming without granting the language model any authority over
execution, planning, or control. The system is explicitly “safe-ish”: safety does
not derive from compliance with ISO standards, nor from physical metrics such as
force, power, or separation distance. Instead, it is enforced structurally, through
constrained action spaces, schema-validated task plans, admissible trigger logic,
and a deterministic behavior core that retains full execution authority. By making
these limitations explicit, the thesis resists the increasingly common but often
unsubstantiated tendency to attribute physical safety properties to language models
themselves.

Taken together, these three modalities articulate a unified but non-reductive
view of safe and easy robot programming. They are not interchangeable, nor do they
offer identical guarantees. Rather, each modality earns trust by bounding a quantity
that is appropriate to its interaction channel: distance-based energy-modulated
control in industrial lead-through programming, energy exchange in collaborative
physical interaction, and structural admissibility in language-based task specification.
The thesis’” primary claim is that such explicit bounding, combined with architectural
separation between intent, execution, and safety, is a necessary condition for deploying
intuitive programming interfaces without inflating safety claims beyond what the
system can substantiate.

8.1 Industrial Implications

From an industrial perspective, the results of this dissertation suggest a pragmatic
path toward more human-centered automation without requiring disruptive changes
to existing robotic infrastructures. In particular, the industrial lead-through frame-
work demonstrates that intuitive physical programming can be introduced even
on non-collaborative manipulators, provided that safety is framed realistically and
communicated precisely. Variable admittance control, when coupled with distance-
aware supervision and energy-consistent parameter adaptation, enables operators to
interact physically with the robot in a controlled and analyzable manner, without
implying compliance with safety paradigms that the system does not implement.
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More broadly, the work reinforces the idea that human-centered automation is
fundamentally an architectural problem, not merely an interface design challenge.
Across all modalities, the systems developed in this dissertation emphasize mod-
ularity, observability, and explicit responsibility boundaries. Safety logic is not
diffused across components, and user-facing interfaces are prevented from bypassing
validation or execution constraints. This architectural clarity is essential not only for
technical robustness, but also for accountability and certification processes, where
the distinction between “inspired by” and “compliant with” specific safety standards
must be unambiguous.

Finally, the thesis highlights the importance of transparent communication of
safety scope in industrial deployments. By explicitly stating what a system does
not guarantee (whether in terms of ISO compliance, contact tolerance, or predictive
safety) the designer reduces the risk of misuse and misinterpretation. In this sense,
restraint becomes an enabling factor: systems that are honest about their limits are
more likely to be trusted, integrated responsibly, and extended in the future.

8.2 Future Research Directions

The limitations acknowledged throughout the dissertation naturally delineate several
directions for future research, each of which can be pursued without undermining
the core separations and non-claims that structure this work.

A first avenue concerns predictive safety reasoning. In both industrial and
collaborative contexts, the proposed frameworks rely primarily on instantaneous
or one-step evaluations of distance, energy, or residual quantities. Extending these
approaches toward short-horizon prediction (while remaining paradigm-specific)
could improve responsiveness and robustness in dynamic environments. Importantly,
such extensions must respect the distinction between distance-based supervision and
PFL-based energetic reasoning, rather than attempting to merge them into a single,
ambiguous safety metric.

In the domain of language-based robot programming, future work may focus
on enriching the notion of structural safety beyond static validation. Runtime
monitoring, failure semantics, and recovery primitives could be integrated into the
deterministic behavior core to handle unexpected world-state changes or partial task
execution failures. Such extensions would move the system toward being safer by
construction, while preserving the fundamental constraint that language models
remain interfaces rather than execution authorities.

Finally, digital twins and simulation environments offer promising opportunities
as evidence generators rather than safety surrogates. High-fidelity simulations
could be used to stress-test interaction policies, validate parameter adaptation
strategies, and perform regression testing on language-generated task plans. When
framed correctly, such tools can accelerate development and validation cycles without
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conflating simulated success with certified safety.

In conclusion, this dissertation argues that safe and easy robot programming
is achievable not by collapsing safety, control, and intent into a single layer, but
by carefully separating them and bounding their interactions. By embracing this
separation across physical and language-based modalities, the work provides both a
set of concrete technical contributions and a disciplined methodological stance that
can guide future research and industrial practice alike.
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M;nin c RGXG
Mgmx c R6><6
D](rlnin c RGXG
Dglax c R6X6
fs € R

Pint €R

H, € R>g
Ma € R6x6
xp € Rxo
T(z) € R
Tmin € Ry
Thax € Ry
v €40,1}

v € {0,1}
Pp e RZO
Py eR

M, € ROx6
P (1) € R?

2
s € R?

max

Mpass c R6><6
a

Mpass < RGX 6

M () € RO
AK. € Ry

Set of pairwise distances dj,.

Number of human geometric primitives

Number of robot geometric primitives

Distance between primitives h and r

Closest point on human primitive

Closest point on robot primitive

Set of kinetic-energy—based constraints

Energy-based constraint for pair (h,r)

Worst-case energy-based constraint

Upper saturation bound for SCmin

Lower saturation bound for SC™»

Unit vector along closest-point direction

Translational Jacobian associated with robot primitive r
Equivalent mass along ny,.

Relative velocity component along ny,

Relative kinetic energy along ny,.

Admissible bound for distance-modulated kinetic energy
Distance-to-risk modulation function (gain on C,)
Modulation gain

Modulation offset

Normalized scaling coefficient for admittance adaptation
Minimum admittance inertia matrix

Maximum admittance inertia matrix

Minimum admittance damping matrix

Maximum admittance damping matrix

Perception system sampling frequency

Interaction power at the human-robot port
Admittance energy storage function

Time derivative of admittance inertia

Energy tank state

Energy stored in the tank, T'(z;) = 37

Minimum tank energy bound

Maximum tank energy bound

Tank saturation gate (prevents energy beyond Tiax)
Tank depletion gate (prevents dropping below Tiin)
Dissipated power, Pp = @' Dy

Power due to inertia variation, Py, = %:ETMd:b

Time derivative of desired admittance inertia

Diagonal element of the passivity bound on inertia rate

Diagonal element of the passivity upper bound on inertia rate

velocity bound of the i-th Cartesian component

weights used to distribute the tank energy across the six DOF's

Passivity-aware bound on inertia rate (matrix form)
Passivity-aware upper bound on inertia rate (matrix form)

Maximum threshold that limit excessive energy injection
Kinetic energy dissipated during a potential collision
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Tim € R
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Ji(q) € R™®
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Mmin, Mmax € R3
dmina dmax € Rg
Momin, Mpax € R®
i Ainax € R
L(u) eR

Apparent robot mass along direction n

Equivalent mass of the human body part involved in contact
Robot velocity component projected along n

Signed Human velocity component projected along n
Maximum admissible energy under PFL constraints
Maximum allowable contact force (ISO/TS 15066)

Effective stiffness of the considered human body part
Effective contact area

Maximum allowable contact pressure (ISO/TS 15066)

Unit vector defining the direction of potential impact
Geometric Jacobian at configuration q

Directional sign encoding approach vs separation motion
PFL safety residual (energy feasibility indicator)

Apparent damping along the interaction direction n
Interaction force projected along n

Nominal (comfortable) admittance inertia matrix

Nominal (comfortable) admittance damping matrix
Temporary target inertia matrix from energy-loss scaling
Controller sampling time

Nominal desired inertia rate command

Translational diagonal of Mgﬁffax

Ratio matrix enforcing nominal damping-to-inertia tracking
Exponential decay factor for damping recovery after correction
Maximum duration of the damping recovery window
Timestamp marking the start of the recovery window
Boundary robot projected velocity enforcing h = 0

Updated damping matrix computed during safe correction
Translational selector matrix for structured damping injection
Scalar damping-rate used in D" = D, + d®A¢
Translational admittance inertia adapted by the optimizer
Translational admittance damping adapted by the optimizer
Translational inertia diagonal vector, M, = diag(m)
Translational damping diagonal vector, D; = diag(d)
Next-step (predicted/applied) under discrete-time update
Optimization decision vector u = [ d |T

Translational inertia-rate decision variables

Translational damping-rate decision variables

Nominal translational inertia diagonal components

Nominal translational damping diagonal components
Translational Jacobian used in one-step velocity prediction
Translational interaction force (measured) used in prediction
Lower/upper bounds on translational inertia diagonals
Lower /upper bounds on translational damping diagonals
Lower /upper bounds on translational inertia rates

Lower /upper bounds on translational damping rates

Cost function of the optimization problem
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A, Aps Ay € Ry Weights in the optimization cost ((5.36))

o eRy Slack variable relaxing PFL feasibility in (5.38))
p € Ry Slack penalty weight in ([5.38)
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