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Design, Control and Computational Strategies for Unstructured Robotic Applications

by Andrea Govoni

Modern robotics has moved from tightly scripted, structured workcells to unstructured, open-
world settings. This shift replaces fixed fixtures and repeatable parts with deformable objects,
occlusions, and changing contacts. As a result, manipulation now hinges on perception-driven
control, uncertainty handling, and learning from data. We embrace this transition and show
how combining model-based priors with adaptive policies enables reliable performance beyond
the lab.

The main contribution focuses on deformable linear objects manipulation: industrial appli-
cations are developed for wire harness assembly, hose manipulation, and cable storage using
a multimodal system that combines vision and tactile sensing. Then, a tactile approach is pro-
posed, where tactile readings are given physical meaning through a Hertzian contact model
with Bayesian parameter estimation, enabling reliable force regulation and alignment during
grasping.

This work explores 3D-printing applications integrated with Wire Arc Additive Manufactur-
ing . A 14-degree-of-freedom climbing robot is developed: it can anchor to the printed structure
with variable geometries to preserve process continuity.

A library for capability maps is developed, encompassing maps of reachability, manipula-
bility, and collision that directly feed motion planning.

In unstructured environments, bridging the Sim2Real gap is essential to transition from
laboratory tuning to stable production. We adopt parameter identification, targeted random-
ization, and progressive validation to make simulation predictive within known limits.

The final work to guide robot in unstructured environments converges into a Task-Priority
control framework that actively manages robot limits and constraints while leveraging Robotic
Distance Functions, a differentiable distance representations of geometry, to achieve gradient-
consistent collision avoidance. In unstructured scenarios, this framework becomes crucial: dy-
namic task activation and coherent gradient use make planning mistakes less likely and execu-
tion more robust.
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0.1 Introduction

In the last decades, robotics has undergone a profound transformation, moving from highly
structured industrial environments to increasingly unstructured and dynamic scenarios. Mod-
ern robotic systems are expected to autonomously operate in everyday life environments char-
acterized by uncertainty in geometry, material properties, and external conditions, where the
assumptions of rigid, deterministic, and repetitive processes no longer hold. Applications such
as deformable object manipulation [31, 35, 32, 62], multi-robot coordination [91, 3, 68], and additive
manufacturing on irregular geometries [79, 77] exemplify this new paradigm, demanding systems
that are not only precise but also adaptive, robust, and computationally efficient in real time.

Traditional industrial manipulators, originally conceived for repetitive and deterministic
operations, are ill-suited for these tasks. They are designed to execute predefined trajecto-
ries in predictable workspaces, typically with rigid parts and fixed tooling. However, when
confronted with contact-rich interactions, deformable materials, or unknown obstacles, these
systems lack the necessary feedback and reasoning mechanisms to adapt their behaviour. In
particular, the manipulation of Deformable Linear Objects (DLOs), such as cables, hoses, and
wiring harnesses, presents unique challenges due to nonlinear elasticity, complex deformation
modes, frictional effects, and self-contact[59]. The shape evolution of these objects complicates
trajectory generation and make the final configuration intrinsically unpredictable under sparse
observations. These characteristics make explicit modelling extremely difficult and introduce
uncertainties that propagate into both sensing and control.

Given the unmodeled elasticity, friction, and self-contact, a reliable forward model of cable
dynamics is not attainable in practice. We therefore close the loop with multimodal sensing, us-
ing vision [10, 9, 27] and interaction sensing (6-axis wrist F/T [12, 17]) and in-hand tactile feed-
back[84, 13], to estimate state and adapt actions in real time. Vision-based perception, though
widely used, struggles in such contexts: occlusions, varying illumination, and large deforma-
tions degrade the accuracy of object tracking and state estimation. This limitation has driven in-
creasing attention toward tactile sensing as a complementary or alternative modality. Tactile sen-
sors embedded in grippers can directly measure local pressure distributions, shear forces, and
slip, providing rich feedback during contact [84, 13, 100, 12], but interpreting these in voltage
domains requires meticulous calibration. Among the available physical formulations, Hertzian
contact mechanics [57, 89] offers a powerful yet interpretable foundation to relate indentation
depth, contact area, and reaction force [12]. Such analytical models enable a more grounded
understanding of the contact process, moving beyond black-box data regression. Neverthe-
less, their application requires calibration of material parameters and sensor nonlinearities, an
area in which data driven optimization has recently emerged as a robust approach to identify
stiffness coefficients and optimize the tactile model directly from experimental data [52, 70].
Integrating these physics-based models with data-driven calibration closes the loop between
sensing and control, allowing grippers to adapt grasping and manipulation strategies to chang-
ing contact conditions.

Modeling a DLO from first principles remains challenging; however, simulation and large-
scale datasets can approximate the behaviors that matter for control [99]. Data generation and
policy testing require simulators that capture DLO physics with sufficient fidelity while re-
maining tractable. Existing models range from mass—-spring—damper systems [59] to Cosserat
rods [60] and reduced-order FEM [43], each balancing accuracy, stiffness handling, and numer-
ical stability. Bridging the sim-to-real gap demands calibrated parameters (e.g., Young’s modu-
lus, damping, friction) [29, 5], domain randomization [83], realistic sensor/actuator noise [40],
and closed-loop controllers that retain performance under model error. Parallel to these devel-
opments, the recent explosion of reinforcement learning (RL) and physics-based simulation tools
has fostered data-driven approaches to robot control[81]. By training policies in simulated envi-
ronments, robots can learn complex behaviours from interaction data while avoiding the risks



and costs of physical experiments. However, these approaches need to deal with the sim-to-real
gap [2]: the discrepancy between simulated and real-world dynamics, which remains one of
the main obstacles to deployment [41, 105]. This gap arises from imperfect modeling of contact
dynamics, friction, or sensor noise, and from differences among simulation engines themselves.
To mitigate it, recent works explore techniques such as domain randomization, parameter identi-
fication, and automatic tuning of dynamics [76, 20, 88].

While Sim2Real remains an open challenge on the dynamics side, on the geometry side, com-
puter graphics provides accurate discretizations such as watertight meshes. Yet meshes are not
directly amenable to fast, differentiable interaction: repeated distance, collision, and gradient
queries over high-resolution triangulations are computationally expensive [74] and ill-suited to
real-time planning and control. This exposes a complementary open problem: designing com-
pact functional representations that approximate mesh-based geometry while supporting cheap
evaluations and analytical gradients[36, 74, 7].

Historically, motion planning and collision avoidance have relied on discrete sampling and
occupancy grids, which scale poorly and lack differentiability, limiting integration with opti-
mization based control. Sphere based models can approximate robot and obstacle geometries
for efficient distance computations [11]. In contrast, Signed Distance Functions (SDFs) provide a
continuous representation that encodes, at each point, the signed distance to the closest surface,
enabling efficient gradient computation for obstacle avoidance and contact reasoning [74, 19].

Building on SDFs, Robotic Distance Functions (RDF) adopt a robot-centric formulation [58,
47,22, 54, 55, 64] in which each link is modeled (e.g. with Bernstein polynomial bases) for an-
alytical distance evaluation and smooth gradients with respect to joint configurations . These
properties make RDFs well suited to control architectures that require real-time updates and
differentiable reasoning. Moreover, advances in GPU acceleration now enable massive parallel
evaluation of SDFs and RDFs, supporting millions of distance queries per second . Comple-
mentary tensor-decomposition techniques, such as CANDECOMP/PARAFAC [7], compress
the high-dimensional data underlying these functions, maintaining high fidelity while reduc-
ing computational load.

This convergence of accurate geometric modeling and efficient parallel computation pro-
vides a foundation for scalable, real-time robot reasoning in complex environments, where ca-
pability maps [102], including reachability and inverse reachability [98], support workspace
analysis and base placement [61].

RDFs thus emerge as natural primitives for real-time, differentiable reasoning within opti-
mization and task-priority controllers. To preserve responsiveness in high-dimensional spaces,
leveraging GPU parallelism is essential, enabling continuous collision checking and gradient-
based optimization without sacrificing control-loop frequency:.

From the control perspective, complex and unstructured environments require robots to
handle multiple, often conflicting, objectives, maintaining stability, avoiding collisions, tracking
targets, and optimizing manipulability, while respecting system constraints. The Task-Priority
(TP) framework offers a natural formulation, managing concurrent objectives via hierarchical
decomposition [11, 8, 86]. In TP control, primary objectives (e.g., contact-force regulation or
path tracking) are guaranteed by projecting lower-priority tasks (e.g., joint-limit and collision
avoidance) into the null space of higher-priority ones, ensuring task independence, modularity,
and real-time feasibility. Extensions for collaborative and mobile robotics introduce activation
matrices to modulate priorities dynamically in response to context and sensory feedback [6,
3]. However, most implementations still rely on simplified geometric models and CPU-bound
computation, limiting scalability and responsiveness in cluttered or dynamic scenes. Integrat-
ing differentiable geometry (via RDF) with GPU-accelerated control provides a direct path to
overcome these limitations, enabling continuous collision awareness and reactive adaptation
without compromising control stability.



0.1. Introduction 3

Beyond manipulation, large-scale 3D printing has gained momentum in recent years. Start-
ing from desktop systems for rapid prototyping, the field has moved toward meter—scale print-
ers for structural components in construction and aerospace [79, 77]. These systems intro-
duce complex geometries, overhangs, and supports that strain conventional slicing and path
planning. When printing on irregular or evolving surfaces, maintaining torch orientation and
stand-—off is critical for bead quality and structural integrity. Robotics has therefore converged
with Wire Arc Additive Manufacturing (WAAM), in which the part evolves during deposition.
Yet, open questions remain on how to optimize metal structures under robotic constraints.
Designing a self-adapting, mobile system that fabricates objects without fixed workspace con-
straints, remains a central challenge addressed in this thesis.

The remainder of this thesis takes a pragmatic route through the issues raised above.

Chapter 1 addresses industrial DLO manipulation. Sec. 1.1 reviews tactile sensing and its
mathematical aspects; Secs. 1.2-1.3 apply it to wire-harness and medical-hose handling; Sec. 1.4
introduces a Hertzian contact model with data-driven calibration to map voltages to physically
interpretable quantities. Finally, Sec. 1.5 presents a cable warehouse bridging cable production
and cabinet wiring via organized storage and a dedicated gripper for deterministic retrieval.

Chapter 2 addresses robotic 3D printing on irregular, evolving geometries. The goal is to
realize a printing system that can climb the growing structure while coping with WAAM process
constraints and the geometric irregularities induced by layer-by-layer deposition.

To address modeling and transfer (sim-to-real) applications, Chapter 3 studies cable model-
ing via a mass-spring—damper approach (Sec. 3.1), together with domain randomization. The
objective is to shape model errors so that policies trained with reinforcement learning in simu-
lation behave predictably on hardware, particularly in the presence of uncertainty in stiffness,
damping, and friction. This topic is extended in Sec. 3.2, which discusses identification and
digital-twin pipelines for torque- and velocity-controlled manipulators.

Object geometry is treated as a computational tool for control. Sec. 3.3 introduces Robotic
Distance Functions (RDF) based on Bernstein polynomials, providing analytical distances and
gradients with respect to joint states and enabling batched GPU evaluation. To close the gap
posed by high tensor costs, we reduce memory and bandwidth via low-rank tensor decompo-
sitions (CP), which is essential when many links and obstacles are queried continuously. To
support workspace-level decisions, Sec. 3.4 builds large-scale capability maps (e.g., reachabil-
ity, manipulability, and collision maps) using batched inverse kinematics and database-backed
storage, leveraging parallel GPU computation.

Finally, for robot control, Chapter 4 presents a general Task-Priority controller for mobile
bases and single or dual manipulators. Primary objectives (tracking and contact-force regula-
tion) are preserved while secondary behaviors (joint-limit avoidance, collision avoidance) are
projected into their null spaces. RDF are exploited to compute distances and gradients and to
maintain continuous collision awareness at high control rates, while activation matrices adjust
priorities according to context and measurements.






Chapter 1

Deformable Linear Object
Manipulation in Industrial Scenarios

Robotic manipulation of Deformable Linear Objects (DLOs), such as cables, medical hoses, and
wiring harnesses, remains one of the most challenging topics in modern robotics. Unlike rigid
bodies, DLOs exhibit nonlinear dynamics, high flexibility, and low stiffness, making them dif-
ficult to model, perceive, and control. Vision-based approaches often fail due to occlusions,
deformation, and lighting variability, while conventional force sensors are typically not sensi-
tive enough to capture the subtle contact interactions that characterize their manipulation.

Within this scenario, the industrial handling of cables stands as a paradigmatic example
of unstructured robotic applications. In sectors such as switchgear, automotive, and electron-
ics manufacturing, wiring processes still rely heavily on human operators, mainly because ca-
ble management and routing require complex dexterity and high-level decision making. Even
though modern cable production systems, such as the Komax ZETA 640, achieve remarkable
automation in cutting, crimping, and labeling, the subsequent phases, cable collection, stor-
age, and retrieval, remain largely manual. This discontinuity breaks the automation chain and
represents a critical bottleneck for achieving fully autonomous robotic wiring.

Bridging this technological gap demands not only advanced perception and control algo-
rithms but also the design of intelligent and adaptive hardware capable of creating structured
environments out of inherently unstructured tasks. In this context, tactile sensing plays a crucial
role, as it enables the estimation of local contact forces and pressure distributions, supporting
teedback-based strategies for robust and adaptive manipulation of flexible materials.

Building upon these concepts, this chapter presents a robotic warehouse system for auto-
mated cable management, designed to integrate directly with production machines and operate
as an intermediary stage between cable fabrication and robotic wiring. The system combines
a customized gripper, equipped to handle cables of varying diameters, with a modular ware-
house composed of adaptive clips that allow deterministic storage and retrieval. By transform-
ing chaotic post-production layouts into organized, robot-readable structures, the proposed
framework exemplifies how mechanical design, control strategies, and computational reason-
ing can converge to extend robotic autonomy in unstructured industrial environments.

The chapter is organized as follows:

¢ Section 1.1 provides a theoretical overview of tactile sensing and its role in DLO manipu-
lation;

¢ Sections 1.2 and 1.3 review previous applications of tactile sensing in the manipulation
of wiring harnesses and medical hoses; these works are published in [51, 35] and [32],
respectively;

¢ Section 1.4 addresses the literature gap and, building on Section 1.1, introduces the de-
velopment of a physics-based contact model based on plane—cylinder Hertzian contact
mechanics. This work is under submission at RAL [31];
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¢ Section 1.5 introduces the proposed robotic warehouse system, detailing its mechanical
design, integration, and control framework; this work is published in [33];

1.1 Tactile Sensing Overview for Parallel Grippers

Case: top side
(nylon)

Deformable___,

pad Case: top side

(aluminum)

Rigid grid —> Case

Deformable Case: bottom

pad side (nylon)
) Rigid grid
PCB / Tactile sensor

PCB Proximity
sensor PCB
VL6180X
module
Mechanical
fingernails

(a) Tactile sensor 5x5 integrated in the Robotiq Hand-E (b) Tactile sensor 2x6 taxels [51].

parallel gripper [13].

Figure 1.1. Tactile sensors used in this work.

Figure 1.1 illustrates the tactile sensors adopted in this work. The first device (Fig. 1.1a)
consists of a 5x5 optoelectronic array integrated into the active finger of the Robotiq Hand-E
parallel gripper.

The second device (Fig. 1.1b), instead, is a 2x6 tactile array specifically designed for robotic
manipulation of deformable linear objects in wiring harness assembly tasks.

The two devices share a similar layered structure: a deformable silicone pad with a reflec-
tive bottom surface ensures reliable infrared reflection, while black optical barriers between
adjacent taxels minimize crosstalk. Beneath the pad, each taxel combines an infrared LED and
a co-packaged phototransistor operating in reflection mode. The phototransistor outputs are
sampled by dedicated microcontrollers equipped with multi-channel ADCs, enabling real-time
acquisition of tactile maps for integration into robotic control loops. These voltage signals, de-
noted as v; for each taxel i, form a tactile map that represents the spatial distribution of contact-
induced deformation.

Despite these common design principles, the two sensors differ significantly in their ge-
ometry and functional integration. The 5x5 array provides a nearly square sensing area of
approximately 21 x 21 mm?, with a spatial resolution of 3.55 mm.

This configuration favors compactness and uniform resolution, making it particularly effective
for reconstructing detailed local pressure distributions and estimating contact forces in general
manipulation tasks. In contrast, the 2x6 array extends the sensitive surface along one axis,
covering an area of about 22.6 x 8.4 mm? with elongated geometry. Furthermore, this sensor
integrates additional elements to support industrial scenarios: a proximity module based on a
time-of-flight (ToF) infrared sensor allows non-contact distance measurement, while mechani-
cal “fingernails” assist in separating, guiding, and stabilizing wires during routing operations.

In summary, both tactile devices are based on the same optoelectronic principle and share
the fundamental architecture of silicone pad, reflective layer, and LED-phototransistor taxels.
However, they embody different design trade-offs: the 5x5 array emphasizes high-resolution
and compact force estimation, whereas the 2 x 6 array integrates multimodal sensing and struc-
tural features specifically optimized for the manipulation of deformable linear objects.
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Figure 1.2. Tactile sensor integrated in the Robotiq Hand-E parallel gripper [13].

1.1.1 Principle of Operation

The tactile sensors employed in this thesis are based on optoelectronic technology. They consist
of:

¢ a deformable silicone pad with reflective bottom surface,

¢ a matrix of photo-reflectors (LED + phototransistor pairs), typically arranged in 5 x 5 or
2 x 6 configurations,

* an electronic board with 12-bit ADC channels sampling up to 500 Hz.

When an object deforms the pad, the reflected IR light intensity changes, producing voltage
signals v; that are proportional to local pressure. These sensors are embedded in the active
fingers of a parallel gripper (Robotiq Hand-E) or in custom-designed robotic fingers, enabling
real-time interaction with DLOs.

1.1.2 Mathematical Representation of Tactile Maps

Let N be the number of taxels. Each taxel has coordinates (x;, y;) and an associated voltage v;.

The tactile map is:
T ={(x,yi,v)) |i=1,...,N}.

When the taxels are arranged on a 2D grid, we will also refer to them through a pair of indices
(i,j) with coordinates (x;,y;), which is equivalent to using a single linear index.

Normal Force Estimation. In the continuous case, the total normal force can be described by
extending the classical 1D formulation of contact pressure (e.g., [89], Eq. (4)) to a 2D configura-
tion:

Fy = / L |, p(x)dxdy (1.1)
2 YT

The total normal force is estimated as:

N
Fn =~ ) p(xi, yi) Ax Ay (1.2)
i=1
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where p(x;,y;) is the pressure mapped from v;, and (Ax, Ay) are the taxel coordinates.

Tactile Centroid. The centroid of the tactile activation is:

N N

X1 UiXi _ Lis1 Vi

= =N ’ ¢ T =N
Yii1 Vi Yit1 Ui

It should be noted that the tactile centroid does not correspond to a physical point within
the sensor. Rather, it is a mathematical indicator that summarizes the distribution of contact-
induced deformations, providing a compact feature for estimating the location and movement
of the applied load.

(1.3)

Xc

Centroid Displacement. Its displacement with respect to the unloaded centroid (x., ) is:

Axe = xc — X0, AYe =Y — Yoo (1.4)

The centroid displacement does not measure tangential forces directly, but it provides a reliable
indicator of their presence, since lateral loading skews the tactile activation pattern and shifts
its centroid relative to the unloaded state.

Mean Pressure Indicator. To compute the tactile indicator of the mean pressure pmean acting
over the tactile array, we define:

1
Nactive (i,j)eA

Pmean =

where A is the set of indices (i, j) corresponding to active taxels (i.e., those registering non-zero
or valid pressure values), while Njctive is the cardinality of A, i.e., the number of active taxels.

1.2 Dual Arm for Wire Harness Manufacturing

Figure 1.3. Dual-arm robotic cell for wiring harness assembly. The manipulation arm (left) is equipped
with tactile-proximity fingers, while the auxiliary arm (right) holds the harness and applies tape.

Wire harness assembly is a key manufacturing step in several industrial domains, where
connectors must be inserted into housings and wires must be routed and secured through clips
according to a prescribed layout. Despite being repetitive, the task remains largely manual
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Figure 1.4. CAD model of the taping gun: (a) external and (b) internal views.

in practice [90, 69, 71], mainly because it involves deformable, lightweight components, tight
clearances, and frequent occlusions in cluttered workspaces.

From an automation perspective, wiring harnesses are a representative example of deformable
linear objects (DLOs): small geometric variations and elastic effects can lead to large differences
in behavior during routing and insertion. These characteristics challenge conventional sensing
and control. Vision-based pipelines, while informative at a global scale, degrade when the inter-
action happens close to the end-effector, where occlusions, reflections, and variable lighting are
common. Conversely, standard wrist-mounted force/torque sensing is often insufficient with
lightweight wires and snap-fit features, because the relevant interaction forces may be compa-
rable to the sensor noise floor and because contact is highly localized.

For these reasons, recent research has increasingly explored richer sensing and task-specific
strategies. Tactile sensing, in particular, is well suited for cable manipulation: tactile fingers
can support contour following and routing [66], and tactile-equipped grippers can maintain
reliable contact while sliding along cables of different materials and diameters [84]. At the cell
level, additional operations are typically required to obtain a stable, production-ready harness,
such as taping to stabilize branches [80] or CAD-driven approaches that align routing with
design intent, especially in aerospace contexts [30]. However, existing solutions often address
individual sub-tasks (e.g., sensing, routing, insertion, or taping) in isolation, and do not provide
an integrated and reconfigurable robotic cell that can autonomously execute the full assembly
sequence with online verification and recovery across variant-rich production.

This section presents a unified approach based on a dual-arm robotic workcell equipped
with multi-modal end-effector sensing. The primary arm performs the fine manipulation steps
using gripper fingers embedding tactile and proximity sensing (Fig. 1.1b), enabling robust per-
ception of local geometry and contact conditions during connector insertion and wire routing.
The second arm cooperates by holding the harness to improve stability and by executing spot
taping operations at selected locations. Finally, a vision system inspects the completed assembly
(Fig. 1.5b), enabling error detection and recovery at the end of the process.

We focus on a representative assembly workflow that includes: (i) grasping harness branches
from a warehouse, (ii) inserting connectors into snap-fit holders on the workbench, (iii) guid-
ing wires along predefined paths and securing them into custom routing clips, and (iv) ap-
plying spot taping to bundle and stabilize the harness. The rest of the section details the sys-
tem setup and calibration, the design of dedicated fixtures (holders and routing clips), and an
analysis of the forces involved in connector insertion. Overall, our goal is to provide a robust
and adaptable alternative to prior task-specific solutions by combining dual-arm cooperation,
tactile-proximity sensing at the end-effector, and vision-based final verification.
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This work builds upon and extends our previous publications [51], which describe the de-
sign of the dual-arm cell and the experimental validation of the wiring harness assembly pro-
cess.

(a) Cable stored in the warehouse. (b) Final wiring harness.

Figure 1.5. (a) A wiring harness branch stored in the warehouse; (b) the final wiring harness after
assembly.

1.2.1 System Overview

The robotic cell, shown in Fig. 1.3, consists of two 6-DOF robotic arms (a UR5 and a Doosan
MO0609), with complementary roles. A manipulation arm (left-X,1), equipped with tactile 2x6-
proximity fingers shown in Fig.1.1b, used for grasping, routing, and positioning the cables;

An auxiliary arm (right-X;,), equipped with a lightweight taping tool shown in Fig. 1.4, which
holds the harness steady and applies adhesive tape at designated points.

In front of the robots, a workbench hosts the assembly area, with snap-fit holders and routing
clips fixed to its surface. While on the left side a vision system inspects the final assembly for
quality control.

The overall assembly process is organized as the repetition of three main subtasks: pick and
place of the branches, routing of the cables, and spot taping. The two arms must work in a co-
ordinated manner, starting from disassembled components stored in the warehouse (Fig. 1.5a)
and culminating in the fully assembled wiring harness (Fig. 1.5b).

1.2.2 Assembly and Rooting Setup Design

The targeted assembly setup, indicated by %, in Fig. 1.3, is designed to hold three different
wire cables, each equipped with a 6, 10, or 11 pins connector (Fig. 1.5a). To guarantee proper
positioning and stability of these connectors during cable routing, dedicated connector holders
and routing clips were designed and manufactured using 3D printing. The holders (Fig. 1.6)
are tailored to the geometry of the 6-pin (Fig. 1.6c) and 10/11-pin (Fig. 1.6d) connectors, pro-
viding a reliable snap-fit mechanism that locks them onto the workbench, while the routing
clips (Fig. 1.6b) guide the wires along predefined paths and keep them bundled throughout the
assembly process.
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Figure 1.6. Custom snap-fit holders and routing clips designed for the wiring harness assembly.

Connector holder functionality.

The design of the connector holder (see Fig. 1.6a) was carefully engineered to simplify insertion
while ensuring secure locking. Referring to Fig. 1.7 its working procedure requires the follow-
ing steps; once the cable connector is properly inserted on its track, the robot pulls it into the
cage, where dedicated mechanical features guide and constrain its motion. Two elastic fins with
small teeth elastically deform during insertion and subsequently resist motion in the opposite
direction, preventing accidental release from the cage. During the insertion process two guid-
ing elements compensate for small positional errors due to cable deformation, ensuring proper
guidance inside the holder. During the task the robot monitors the tangential force indicator
coming from tactile, expressed by Eq.(1.4), that estimates the force of the cable on the fins, to
detect the moment when the connector is fully inserted and locked in place.

4.

Figure 1.7. Insertion and locking of the 11-pin connector into its holder

Connector Holder Design and FEA Analysis Recall Fig.1.6a, to be sure that the connector
is securely locked in place after insertion, the elastic fins must keep connectors firmly during
robot routing operations. At the same time, excessive stiffness could lead to difficulties during
insertion or even damage to the connector. For this reason, their geometry must be optimized
to allow easy insertion by the robot, ensuring that the required force remains within acceptable
limits in order to avoid slipping during the pulling phase.

To validate the design, Finite Element Analysis (FEA) was performed considering ABS as
printing material, with mechanical parameters depending on the extrusion direction [63]. The
simulations quantified the force required to deform the elastic tabs and allow insertion:

¢ =~ 15N for the 6-pin connector holder;
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¢ ~ 11N for the 10/11-pin connector holders.

These values provide reference for programming the robot’s insertion strategy.

Routing Clips Design

The routing clips (Fig. 1.6b) have a curved geometry that ensures cable retention while allowing
easy insertion and removal. Key features include:

¢ a V-shaped cable entry guiding the wires into the compartment (Cable Entry);
¢ a flexible retention tab preventing accidental release (Retention Tab);
¢ deformable tabs that keep the cables bundled once inserted (Cable compartment).

A brief functionality description of the routing clips is shown in Fig. 1.8: the robot positions the
connector in the cage (Fig. 1.8a); once the cable is constrained, it separates the wires (Fig. 1.8b);
finally it routes and secures them through the clips (Fig. 1.8c and Fig. 1.8d).
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(a) Connector insertion. (b) Validation and wire (c) Routing through clips.  (d) Final branch securing.

separation.

Figure 1.8. Schematic steps of the wiring harness assembly process.

1.2.3 CAD information

To make the system general and not linked to a single wiring harness design, all the trajecto-
ries executed by the robots during the task are derived from configuration files containing the
routing information. With reference to Fig. 1.8 that shows the main steps of the wiring harness
assembly process, the robot uses the CAD information to:

¢ Step 1 (Fig. 1.8a): extract the position and orientation of the clips and holders, to plan the
approach and insertion trajectories;

¢ Step 2 (Fig. 1.8b): retrieve the geometric parameters of the wires (number of pins, pitch,
length, etc.) to compute the grasping height and separate the wires without damaging
them,;

¢ Step 3 (Fig. 1.8¢): build the routing paths from linear and circular segments, with optional
offsets for parallel insertion;

* Step 4 (Fig. 1.8d): route the second branch in its specific clips and secure the harness with
spot taping.

Figure 1.9 shows the position of the clips and holders in the robot workspace, as extracted from
the CAD model of the wiring harness.
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Figure 1.9. Position of the clips and holders in the robot workspace. The frames are extracted from the
CAD model of the wiring harness.

1.2.4 Visual inspection

During the execution of the operations described in Sec. 1.2.3, the system acquires a 3D point
cloud of the pinboard with a Zivid One depth camera to verify that each routing operation has
been correctly executed. Only depth data are used; RGB information is not exploited in this
work and is left for future extensions. Our approach follows the scalable strategy of [27].

Network. Adopting a shared-encoder, multi-head architecture to balance precision and scalabil-
ity in wiring-harness assembly, where multiple clips share geometry but differ in visibility and
required wire count. The encoder is based on PointNet++ [78] and maps the cropped point
cloud to a latent feature vector. For each clip, a lightweight decoder—three linear MLP layers—
outputs the probability that the cables are correctly inserted. Adding a new clip only requires
training its decoder while keeping the shared encoder frozen, which keeps fine-tuning fast and
parameter-efficient.

For each clip we collected 90 labeled samples (45 Positive, 45 Negative, with negatives strat-
ified by increasing difficulty). We further augmented the dataset with 500 labeled samples ac-
quired during real executions on the assembly board (both Positive and Negative).

Given the known clip poses, we crop a 10 x 10 cm region around the target clip to reduce
irrelevant points and speed up inference, align the cloud to a canonical orientation, and nor-
malize coordinates to [0, 1] before feeding them to the network.

1.2.5 Results
Task-Level Pipeline.

The complete dual-arm pipeline partially shown in Fig1.10, is modular and draws task param-
eters from configuration files (CAD of clips/holders, component data, operation sequence). A
typical cycle comprises:

1. Connector insertion. The connector is retrieved and inserted into a snap-fit holder, then
pulled until a calibrated current threshold confirms correct activation.

2. Wire grasp & separation. Geometric parameters define the grasp height, enabling selec-
tive splitting of branches without affecting neighbors.

3. Routing. Wire paths are built from linear/circular segments, with optional offsets for
parallel insertion; tensioning is achieved via controlled finger motion.

4. Pushing. Wires are vertically pressed into the clips beyond the retention tab. No fur-
ther analysis is provided, as the robot points for this operation are strategically defined
through experimental tuning.
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(b) Pick and rout the connector 11 poles, with wire
separation.

(c) Pick and rout the connector 10 poles. (d) Taping the harness.

Figure 1.10. Main schematic steps of the wiring harness assembly process, routing and securing two
branches.

5. Spot taping. An auxiliary robot arm uses a taping gun to wrap wires with alignment
defined relative to the clip frame.

6. Inspection. A depth camera and PointNet++ classify insertions; errors trigger local cor-
rective actions.

Connector Insertion

Using the CAD information (Sec. 1.2.3), the robot picks each branch from the warehouse and
inserts the corresponding connector into a snap-fit holder fixed on the workbench (see Fig. 1.7,
Fig. 1.10a, and Fig. 1.10b). The first step toward enabling reliable harness manipulation was pre-
sented in [35], where tactile sensing was exploited to estimate tangential forces during grasping.
In this operation the robot executes a controlled pulling motion: it moves in the insertion direc-
tion with constant speed, while the tactile sensor monitors the tangential forces exerted on the
grasped wires. From the displacement of the tactile centroid (Eq. 1.4) an indicator proportional
to the shear force is computed, and the robot motion is stopped once this indicator exceeds
a predefined threshold, as illustrated in Fig. 1.11b, confirming that the connector is securely
locked in place.

This method, based on the centroid displacement of the tactile pad, enables the detection
of incipient slip during cable grasping, the estimation of shear forces without the need for ad-
ditional force/torque sensors, and the closed-loop control of grasp forces in exploratory and
alignment tasks. The connector insertion and locking procedure has been validated by com-
paring tactile indicator data with FEM predictions (Fig. 1.6) and with measurements from an
external F/T sensor. As reported in Fig. 1.11a, the chosen threshold on the centroid-based in-
dicator (0.2 mm, corresponding to 15 ~ 20N shown in Fig. 1.11c) ensures complete insertion,
guarantees robustness against uncertainties, and remains well below the slipping limit of 30 N.
The experimental results confirm consistency with both FEM simulations and the reference sen-
sor readings, validating the effectiveness of the proposed approach.
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Figure 1.11. Experimental validation of the insertion task: (a) centroid displacement, (b) force profile, (c)
tactile indicator response.
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during wire approach. fingers. separated and start routing the
other one.

Figure 1.12. (a) Proximity measurement during wire approach; (b) wire separation using
tactile-proximity fingers; (c) tensioned wire branch before routing completion.

Cable Separation and routing

Once the connector is securely locked in its holder, the robot separates the wires and routes
them through the guiding clips, again exploiting CAD information (Sec. 1.2.3). In this phase,
the tactile-proximity fingers are crucial:

¢ the proximity sensor measures the distance to the wires during approach, ensuring accu-
rate finger positioning before grasping;

¢ the tactile sensor confirms secure contact, allowing the robot to grasp the wires firmly
without applying excessive force that could damage them.

By combining these two sensing modalities, the robot can reliably isolate individual wires
and guide them along the predefined routing paths. Figure 1.12 illustrates key moments of this
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(a) Correct Insertion (b) Incorrect Insertion

Figure 1.13. Qualitative examples after clip cropping: (a) two views with correct insertion (high OK
probability); (b) two views with incorrect insertion (cables out of seat — low OK probability). Colors:
blue = clip, green = correct cables, red = misplaced cables.

process: distance measurement during approach (Fig. 1.12a), wire separation after grasping
(Fig. 1.12b), and insertion into the clips (Fig. 1.12¢).

Pushing and Spot Taping

This operation of pushing is carried out to force the wires in the cable compartment of the clip
by pushing them down. The only required information is the clip where the pushing operation
is required. The executed trajectory is a vertical linear movement, from top to bottom, at the
specified side of the selected clip.

The last operation reported is taping, that is the application of tape at predefined points
usually located in the proximity of at least one clip to ensure that the wires are locked in po-
sition. The trajectory is generated starting from the following parameters: clip frame, Ax, Az,
and x,o;. The taping gun frame, ¥, is aligned with the clip frame X.c,;,, but with an offset Ax in
the x-direction, which sets the desired distance from the clip, and an offset Az in the z-direction.
Furthermore, a rotation equal to x,,; about the x-axis of ¥, is applied.

Visual Inspection

Figure 1.13 shows two pairs of cropped views per clip. On the left (a) are two examples of
correct insertion: cables follow the intended path inside the clip, and the model assigns a high
OK probability. On the right (b) are two incorrect cases: cables are misplaced or out of the seat,
yielding a low OK probability. Colors (when present): blue = clip, green = correct cables, red =
misplaced cables.

1.3 Medical Hose Quality Inspection

Automating the manipulation and inspection of Deformable Linear Objects (DLOs) such as
medical hoses is difficult due to millimetric diameters, high deformability, low mass, and vari-
able contact dynamics. Under these conditions, vision-only or purely model-based strategies
become brittle, and force/torque cues approach sensor noise. Clean-room constraints further
limit fixturing and throughput-friendly human supervision.

Prior work in quality control (QC) for medical devices has largely relied on calibrated vision
pipelines and rigid workholding, e.g., stent inspection and extrusion monitoring with line-scan
or multi-axis imaging [39, 28], with only a few reports of robotic pilots on production lines. Tac-
tile sensing has enabled precise contact reasoning for rigid or semi-constrained tasks using both
commercial and research devices (BioTac [24], GelSight [101], [84]), including peg-in-hole and
wire handling [15], and there is growing interest in alternative transduction and low-pressure
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Figure 1.14. Medical hose quality inspection setup.

characterization. Search strategies under uncertainty (e.g., spiral or hybrid policies) have been
proposed to localize features without precise geometry [65]. However, these strands rarely
converge on the specific setting of soft, lightweight hoses in clean-room QC, where contact sig-
natures are weak, geometry is poorly known, and safety margins are tight.

This work closes that gap with a robotic platform that integrates optoelectronic tactile fin-
gertips and a dedicated cutting unit for sample preparation, coupled with tactile indicators and
blind-search policies that detect, align, and evaluate contact without precise geometric priors.
For section inspection under microscopy, we exploit RGB imagery to improve generalization
and apply color-based binarization and no-reference sharpness metrics when a pristine refer-
ence is unavailable [104, 72, 23, 53, 1]. We demonstrate the approach on three QC tasks, sam-
ple preparation, Go/No-Go inner-diameter verification, and micro-section inspection, showing
that the synergy of mechatronic design, tactile sensing, and adaptive control yields safe, repeat-
able manipulation in unstructured, variable conditions.

1.3.1 Setup Description

The developed robotic setup is composed of a UR5e collaborative robotic arm by Universal
Robots, equipped with a Robotiq Hand-E parallel gripper featuring custom sensorized fingers,
as described and shown in Fig. 1.1a. Referring to Fig. 1.14 and 1.15, the robotic cell is composed
of:

¢ an extrusion line where the robot picks medical hose samples where the hoses are pro-
duced and collected for quality inspection (reference frame Xrp),

¢ a quality inspection station (named Go/No-Go Xy, testing platform) where the robot
performs dimensional tests on medical hoses using tactile feedback (reference frame Xn,c,),

* a cutting and microscope station (named) where the robot cuts the hose samples and
prepares them for visual inspection under a digital microscope (reference frame ;).
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(a) Pick from extrusion line. (b) Move to alignment support. (c) Place on alignment support.

Figure 1.15. Robotic pick-and-place sequence from extrusion line to alignment support.

Preparation of
hose samples

1.3.2 Custom collector

Internal Hose
diameter section
GGl e Inspection c.)f

the hose section

Figure 1.16. Medical hose quality inspection workflow.

A custom collector was designed to interface the robotic system with the extrusion line and
to ensure reliable sample acquisition. The collector receives the hoses that are blown out from
the extrusion line through a controlled air flow and temporarily stores them before the robotic
pick-up.

The sequence shown in Fig. 1.15 illustrates the complete pick-and-place procedure from the
extrusion line with reference frame Xy to the alignment support Xsp. The robot first collects
the hose directly from the extrusion outlet (Fig. 1.15a), then transfers it toward the alignment
fixture (Fig. 1.15b), and finally releases it onto the inclined alignment support (Fig. 1.15c). Once
released, each hose slides down the sloped alignment support, denoted as Xsp in Fig. 1.14,
until it reaches a mechanical stop that ensures a repeatable and well-defined resting pose. This
setup allows a deterministic re-pick by the robotic gripper, guaranteeing consistent alignment
between the hose and the reference frames of the robotic cell. Consequently, subsequent tasks,
such as the Go/No-Go test and the section inspection, can be executed with accurate initial
positioning, minimizing uncertainty in the overall workflow.
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Figure 1.17. Countersunk resin block and its applications in the Go/No-Go test and cutter station.

This preparation phase, corresponds to the initial stage of the diagram in Fig. 1.16. After
this phase, the process is baranched into two independent inspection branches according to the
specific testing requirements: one dedicated to the Go/No-Go test, which evaluates the internal
diameter, and another dedicated to the section inspection, which analyzes the cut surface of
the hose. Each branch can be executed individually or sequentially, depending on production
needs, before the process returns to the initial state or terminates.

1.3.3 Countersunk resin block

Manipulation of medical hoses introduces significant uncertainty in positioning and contact in-
teraction, due to their intrinsic flexibility and low stiffness. To overcome this issue, a countersunk
resin block was developed as a passive mechanical aid, as shown in Fig. 1.17. The block features
a conical cavity that guides the hose during insertion and constrains its motion once inside,
effectively increasing its local rigidity. This simple yet effective design allows the robot to per-
form insertion tasks with higher accuracy, compensating for the unpredictable deformation of
the hose. As illustrated in Fig. 1.17b, the resin block is used in combination with the Go/No-
Go test pins, facilitating alignment and guiding the hose toward the proper contact region for
internal-diameter evaluation. Moreover, the same design principle is applied at the cutting sta-
tion (Fig. 1.17¢c) and during section inspection, where the block ensures stable positioning and
prevents unwanted hose bending during the cutting and imaging phases.

Insertion inside the resin block

However, when the hose tip is significantly misaligned with the block opening, direct insertion
may fail due to surface collisions. To address this limitation, a blind search strategy based on an
Archimedean spiral was implemented to automatically locate the countersink entrance before
starting the Go/No-Go test. The spiral trajectory follows the polar equation

T

=5
where r is the distance between two consecutive spiral turns, chosen equal to half the coun-

tersink diameter (r = D/2). At each angular step, the position is incremented according to

p="50, b (1.6)
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Or1 = 0+ A0, (1.7)

where Af varies progressively to ensure uniform spacing between testing points. This con-
dition guarantees that the distance between consecutive positions is always smaller than D,
ensuring convergence toward the hole center within a finite number of attempts.

An example of the explored spiral path is shown in Fig. 1.18. At each testing point, the robot
performs a short insertion movement and evaluates contact through tactile feedback. If contact
is detected, the robot retracts and moves to the next point along the spiral until the cavity is
successfully located. This preparatory step ensures robust and repeatable centering of the hose
within the resin block, enabling accurate execution of both Go/No-Go and section inspection
tasks.

The Go/No-Go test automates the verification of the internal diameter of deformable medical
hoses by combining tactile sensing with a calibrated mechanical setup. The robot uses tactile
feedback to assess whether the hose can be inserted into a reference pin or if contact occurs
prematurely, indicating an undersized internal diameter. This approach allows the system to
reproduce the manual inspection procedure while providing quantitative and repeatable mea-
surements based on sensor data.

Each testing unit, shown in Fig. 1.17b, consists of a perforated resin block and a counter-
sunk one, aligned and fixed at a proper distance, so that the pin, glued into the perforated
block, reaches the narrow side of the countersunk block. The hose is inserted from the coun-
tersunk side, which facilitates alignment and stabilizes the interaction during insertion. Tactile
indicators are monitored throughout the task to detect whether the hose smoothly fits onto the
pin or becomes blocked due to a mismatch in internal diameter.

During the insertion process, the robot continuously estimates the contact centroid from
the tactile data to monitor the interaction dynamics. Two thresholds are defined: the traveled
distance s and the contact indicator C; already explained in Eq.(1.3) and Eq.(1.4), which quanti-
ties the displacement of the tactile centroid. The test logic relies on comparing these quantities
against predefined thresholds.

In nominal conditions, the robot aligns the hose with the testing pin and performs a linear
insertion. A Go test is considered successful when the hose reaches the target depth s; without
exceeding the contact threshold Cy;:

Go test passed <= (s > s;) A (C; < Cpy). (1.8)
Conversely, a No-Go test is passed when contact is detected before the insertion depth is reached:

No-Go test passed <= (s < s;) A (Cr > Cp). (1.9)
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Figure 1.18. Spiral search strategy for blind insertion.
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Figure 1.19. Go and No-Go test.

The overall diameter verification is considered successful only if both conditions are satis-
tied. This threshold-based approach enables a fully autonomous and tactile-driven evaluation
of the hose internal diameter, ensuring repeatability and robustness even under small alignment
or shape variations.

1.3.4 Cutting Machine and Vision-Based Inspection

9-Microscope

" By

|
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Figure 1.20. Cutting and microscope inspection station, top view.

The cutting machine, shown in Fig. 1.20, automates the manual and repetitive process of
hose cutting, enhancing both productivity and operator safety. Its design prioritizes simplicity,
cost-efficiency, and precision, resulting in a versatile and affordable tool for modern manufac-
turing. By integrating the cutting device with the robotic cell, hoses can be automatically cut at
predefined positions retrieved from the extrusion line, ensuring clean and repeatable results.

The cutting system combines mechanical simplicity with programmable control. Its main
components are:

* NEMA 17 stepper motor with lead screw (SFK0801) converting rotary motion into linear
blade motion.
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e TB6600 driver and Arduino Uno controller for motor actuation and communication with
the robot.

¢ Cutting cart carrying a surgical blade, constrained by a linear sled.
¢ Endstop sensor for homing.

* Support structure (Fig. 1.17¢) featuring interchangeable plates and resin blocks to accom-
modate hoses of different diameters.

 Digital microscope for post-cut imaging and quality analysis.

Cutting procedure

After the homing procedure, the robot inserts the hose into the support structure, possibly using
the spiral search described in Sec. 1.3.3. The blade, actuated by the lead screw, and controlled
by a stepper motor, performs a clean linear cut putting the blade in position according to the
conversion formula:

Stepsmt X drivermicroste S
stepsym = iy (1.10)
SCreWpitch

where steps;,; is the motor step count per revolution, driver icrosteps the microstepping fac-
tor, and screwp;;, the lead screw pitch. After cutting, the hose is positioned in front of the
microscope for visual inspection.

Automatic centering and focus with camera feedback

After the hose cutting, the prepared sample is automatically analyzed through computer vision
to assess the quality of the cut surface. Due to the hose’s flexibility and reduced size, achieving
precise centering and focus within the microscope field of view is challenging. To overcome
this, a vision-guided control strategy was developed, combining image-based feature extraction
with robot motion feedback to autonomously align and focus the hose before inspection.

Mask Extraction from RGB Threshold Let p be a generic pixel of the image, with color vector

Iy(p)

By defining lower and upper intensity bounds I,,;;, and I,.;x, the mask extraction is performed
as: Here I, and I,;,5x are RGB vectors and inequalities are intended component-wise.

< <
vp e 1:4 Inin S (P) < Tnax =1, (1.11)
I(p) > Lnax, I(p) < Lpin = 0,

where foreground pixels correspond to the hose region. This segmentation step isolates the
blue tones of the hose from the background illumination, enabling robust feature detection
even under non-uniform lighting.

Centroid Computation and Robot Alignment The image center is defined as

W . H

o= Jo= 5 (1.12)
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Algorithm 1 Microscope Tube Centering using Mask and Centroid

1: Initialize pixel tolerance € and compute distance D,

2: while D, > € do

3:  Extract mask (Eq. (1.11))

4:  Compute centroid (i, j) and image center (i, jc)

5. Calculate offsets Ai =i, —ic, Aj = jp — jc

6:  Move robot proportionally to (Ai, Aj) using Eq. (1.15)
7. Update D, = /Ai%2 + Aj?

8

: end while

Algorithm 2 Microscope Focus using Laplacian-based Blur Evaluation

1: Initialize robot position (xo, Yo, zo) and focus metric F, = —oo
2: while Fp < Tf do
3:  Capture image and compute F; (Eq. (1.16))

4. if F. > F, then

5: Move closer: z = z + Az

6: else

7 Move further: z = z — Az, reduce step Az = aAz
8: end if

9: Fp =F,

10: end while

where W and H are the image width and height. The centroid of the extracted binary mask is
obtained from the image moments:

Mo . Mo

_ My Moy 113
Mo, Jo Mo, (1.13)

iy

where My,n = }_,cg i"j" are the spatial moments of the binary mask.
The offset between (i, jp) and (i, j.) determines the correction vector

— | (1.14)
Ib — Jc

which is converted into robot motion commands on the microscope xy-plane according to

Ai

Ay = N

Arxy — kp Axy, (1.15)

where k), is a proportional gain that ensures smooth and stable convergence.

Blur Evaluation and Autofocus To achieve optimal focus, the system evaluates image sharp-
ness using the variance of the Laplacian operator:
021 021
F = Var(L(x,y)), L(x,y) = 32t ay (1.16)
where a higher value of F indicates greater image sharpness. The robot iteratively adjusts its
position along the microscope z-axis to maximize F, dynamically adapting the step size Az to
refine the focus when the metric improvement decreases.
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Integrated Vision-Guided Control The two algorithms operate in closed-loop fashion: the
vision module continuously provides positional and focus feedback, while the robot compen-
sates in real time through incremental movements along the xy and z axes. This approach
ensures that each hose sample is automatically centered and focused within the microscope
view, minimizing operator intervention and guaranteeing repeatable, high-quality imaging for
subsequent inspection and classification.

1.3.5 Results

All experiments were performed on hose samples with nominal inner diameter of 1.6 mm and
various tolerances. The contact and distance thresholds were set to C;; = 0.04mm and s; =
40 mm, respectively.

Spiral Search Performance

0 10 20 30 40 0 10 20 30 40

Time [s] Time [s]
(a) Spiral search for D = 10 mm hole. (b) Spiral search for D = 5mm hole.

Figure 1.21. Spiral search results for different hole diameters.

To generalize the task, a spiral-based search algorithm was implemented to autonomously
locate the countersunk hole before performing the Go/No-Go test. Experiments were conducted
with two different countersinks, D = 10mm and D = 5mm. The impact detection threshold
remained Cp; = 0.04 mm, while the centering validation threshold was set to ss; = 20 mm. This
parameter should not be confused with the insertion depth threshold s; used in the Go/No-Go
decision logic.

Figure 1.21a illustrates a successful Go test after 12 insertion attempts in the case D = 10 mm.
The robot stops each time the contact threshold is reached, retracts, and moves to the next spiral
point. After finding the hole, the hose is inserted successfully. For the smaller D = 5mm block,
the robot needed up to 16 attempts (Fig. 1.21b).

Go/No-Go Test Performance

The Go/No-Go experiments were first conducted under nominal conditions, i.e., assuming the
hose tip was already aligned with the countersunk block. A block with D = 10mm and d =
1.6 mm was used. Figure 1.22a shows the mean and standard deviation of the contact indicator
C; for ten passed Go tests, demonstrating that the chosen threshold Cj; guarantees a sufficient
safety margin. Similarly, Fig. 1.22b reports the results of ten passed No-Go tests, where the robot
correctly detects contact before reaching the distance threshold s;.
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Figure 1.22. Results of Go/No-Go tests.

Vision-based Centering and Focus for Section Inspection

After cutting, the hose section is inspected under a digital microscope. Automatic centering and
focusing are performed using the visual algorithms. Experiments were conducted on single-
lumen (1.25mm) and double-lumen (1.6 mm) hoses. The centering tolerance was set to € =
10 px, and the autofocus parameters to Ty = 400, « = 0.5, Az = 10 mm.

Figure 1.23a shows the centering and focusing sequence for a double-lumen hose, from the
initial blurred frame to the final focused image (F. = 406.98). Figure 1.23b reports typical results
for single-lumen samples, including a correctly cut and focused hose and a failed case due to
burrs on the edge, which distort the centroid estimation in Algorithm 1.

1.4 Tactile-Driven Cable Grasp through Hertzian Models and Bayesian
Calibration

As shown in the previous sections (Sec. 1.2, 1.3) and in the literature [12, 17], mapping tactile
voltages to tangential interaction forces has been explored with encouraging results. However,
for tactile sensors described in Fig.1.1a and Fig.1.1b, a practical gap remains: there is still no way
to map the tactile signals into an estimate of the normal contact load (or average pad pressure)
that can be used online to decide how much to close/open the jaws and to regulate the clamping
action on the grasped object. This section introduces a calibration and control framework that
uses tactile sensing together with a Hertzian contact formulation as a model-based interpolator
to learn the mapping between normal force and measured voltages for a cable/cylindrical to
flat tactile contact. The resulting force—voltage relation is then used online to close the loop on
grasping-force regulation in a parallel gripper. Model parameters are identified via Bayesian
Optimization (BO), enabling calibration directly on the physical setup without requiring a large
labeled dataset and providing a consistent voltage-to-force mapping suitable for control.

Knowing that the proposed framework can be reduced to a relation between the normal
forces acting on the tactile pads, we aim to establish a link between these normal forces and the
mean pressure measured on the tactile sensors. This allows us to leverage a contact model to es-
timate the mean pressure as well, and in future work to extend the approach toward estimating
tangential forces.

We also acknowledge that our analysis may violate some of the strong assumptions un-
derlying the contact model; nevertheless, we show that the Hertz-based formulation can still
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(a) Centering and focus sequence (double-lumen). (b) Single-lumen cases of misalignments.

Figure 1.23. Results of automatic centering and focusing for hose section inspection.

serve as an effective interpolator for force estimation, even when those assumptions are only
approximately satisfied.

1.4.1 Mathematical Hertz Theory for Contact Force/Pressure Estimation

Rigid cylinder

Tactile sensor

(a) Tactile sensor voltage map during cable contact. (b) Theoretical pressure distribution from Hertzian
contact model.

Figure 1.24. Pressure distributions: experimental tactile readings and Hertzian theoretical model.

In this section, we present the mathematical framework employed to estimate the contact
forces and parameters arising from the interaction between a cylindrical object (e.g., an electrical
cable) and a tactile sensor.

In the continuous case, the total normal force can be described using Eq.(1.1) where in this
case x denotes the coordinate along the direction perpendicular to the cylinder’s axis, y rep-
resents the coordinate along the length of the cylinder. Given the tactile sensor described in
Sec.1.1, Fig.1.1a, the integration bounds — % and % define the extent of the contact region along
the x-axis, within which the pressure distribution p(x) is nonzero.
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We denote by p(x;,y;) the pressure measured by the taxel located at the spatial coordinate
(xi,yj), wherei = 1,2,...,Nyand j = 1,2,..., N, are the taxel indices along the x and y di-
rections, respectively. If the taxels are uniformly distributed over the sensor area, the Eq.(1.2)
can be used where Ax and Ay represent the uniform spacing between adjacent taxels along the
x and y directions, respectively. Given the forces measured by the tactile sensor, we can esti-
mate the contact mean pressure of the tactile using Eq.(1.5), which provides an average pressure
value over the active taxels.

To relate the mean pressure to the contact mechanics, we employ Hertzian contact theory.
For a cylinder in contact with a flat surface, the mean pressure pmean can be expressed as:

1
Fy = ErmmeaX (1.17)
where Fy is the normal force, a is the half-width of the contact area, and L is the length of
the cylinder in contact with the sensor. The half-width a can be derived from Hertzian contact
mechanics as:

2
1-v7

1—1/%
2By (gt +152)
L (% + R%)
where E;, E; are the Young’s moduli, vy, v, are the Poisson’s ratios, and R and R; are the radii
of curvature of the cylinder and the sensor surface, respectively. In our case, the silicone pad is
modeled as a flat surface, hence Ry = co, which simplifies the denominator term to % Assuming
a Hertzian (semi-elliptic) pressure distribution (Fig. 1.24b), the relationship between maximum

and mean pressure is pmax = %pmean. Combining this with Eq. (1.17), the mean pressure is
related to the applied force and contact geometry by:

a =

(1.18)

Fn

Proean = 2al (1.19)
By combining Egs.(1.2), (1.5), (1.19), and (1.18), we can establish a relationship between the
tactile sensor readings and the contact parameters.

1.4.2 Bayesian Optimization for Parameter Identification

After defining the Hertzian contact model, the next step is to identify the unknown param-
eters (e.g., effective material properties and calibration factors) directly from tactile data. In
our setting, only a limited amount of calibration data can be collected by repeatedly closing
and opening the gripper on the cable, and the resulting measurements are noisy and only in-
directly related to the underlying contact variables. Moreover, the number of parameters to
estimate is small, and the resulting objective is generally non-convex and not readily differen-
tiable. For these reasons, we adopt Bayesian Optimization (BO): it is particularly effective in
low-dimensional parameter spaces, when function evaluations are expensive, data are scarce,
and noise is present.

The first step is to place the tactile readings and the Hertzian model predictions into the
same domain. To this end, we establish a relation between Eq. (1.2) and Eq. (1.17), so that
tactile voltage readings can be mapped to an equivalent normal-load/pressure estimate. Using
datasheet information and simple boundary conditions derived from the gripper behavior, we
initialize this mapping with a linear guess.

Once tactile-derived pressures and Hertzian predictions are expressed in a consistent do-
main, we estimate the unknown parameters through optimization. We define 6 = [Ey, Ea, v1, v2, k],
where E and v denote Young’s modulus and Poisson’s ratio of the two contacting materials, and
k is a calibration factor accounting for the scale mismatch between Hertzian pressure and tactile
outputs. The objective minimizes the discrepancy between the mean pressure estimated from
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tactile data plas! in Eq.(1.5) and the Hertzian prediction p2Q, using the parameters 6 and the
model in Eq.(1.19):

n 2
J0) = Y (PO, = pct )+ max (0, Egis — Ecabte) - (1.20)

imean
i=1

The penalty term enforces physical consistency, ensuring that the compliant silicone pad re-
mains softer than the cable material. The scaling factor k is included as an additional decision
variable with a bounded search range chosen to keep predicted and measured pressures on
comparable scales.

BO searches for § by modeling the unknown objective J(6) with a probabilistic surrogate,
typically a Gaussian Process (GP), which provides both a mean prediction and an uncertainty
estimate. At each iteration, an acquisition function (e.g., Expected Improvement or Upper Con-
fidence Bound) selects the next candidate 6 by trading off:

¢ Exploration: sampling regions with high uncertainty to improve the surrogate model;
¢ Exploitation: sampling regions predicted to yield low cost to refine the optimum.

The cost is evaluated at the selected point, and the GP is updated. Iterating this procedure
enables efficient identification of the parameters with far fewer trials than grid search, which is
critical given the limited dataset and the need to keep calibration time short.

1.4.3 Mapping Forces to Gripper Commands

Forces ||Position

Dataset Datasersl

Hert.
Pmean

b Hertz ]).f.ff‘;_‘o‘(m
Model
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Filter

Figure 1.25. Block diagram of the closed-loop force control system using the Hertzian contact model for
force estimation.

The estimation procedure described in Sec. 1.4.2 can be affected by material inconsistencies
arising from 3D-printing imperfections and sensor noise, all of which contribute to irregular
pressure distributions as shown in Fig. 1.24a. To mitigate these effects, the proposed control
architecture incorporates a feedback component that compensates for deviations between the
desired and the measured average pressures.

An initial estimate of the gripper closure required to achieve a target contact force is obtained
by mapping pressure signals to gripper positions using the sampled dataset. Once the tactile
forces are aligned in the same domain as the measured pressure distribution, the relation can be
established. As illustrated in Fig. 1.26, this relation is strongly nonlinear and cannot be reliably
captured with a linear model. For this reason, a sixth-order polynomial regressor is employed
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Symbol Description (Unit) Parameter Range

Egii Silicone Young’s modulus (Pa) [1 x 10°,1 x 108] Radius [mm] k Usili  Veable  Esiti (Pa)  Ecaple (Pa)

Vsili Silicone Poisson’s ratio (—) [0.45, 0.49] 1 9414.13 0476 032 45x10° 5.33 x 1010

Ecopper  Copper Young’s modulus (Pa)  [5 x 107, 1.3 x 10] 2 9961.99 0.482 0.348 2.33 x 107 4.44 x 1010

Veopper  Copper Poisson’s ratio (—) [0.31, 0.36] 3 4349.26 0.456 0352 192 x10° 6.82 x 10°
[

Scaling factor for pressures (—) [1, Pmax-derived]

Table 1.2. Optimized parameters for different
Table 1.1. Parameters used in Bayesian cable radii.

optimization.

to map the desired pressure to the corresponding gripper position. This feedforward model is
then complemented by a feedback loop, ensuring robust tracking of the target contact force.

The resulting control architecture (Fig. 1.25) combines the feedforward regressor, which
maps the desired pressure predicted by the Hertzian model to a nominal gripper position uf,
with a proportional feedback loop. The latter compensates for modeling inaccuracies by cor-
recting the pressure error e,

Nen Linear Regression for a Cable of Radius Ry = 1 mm

oooof MNon Linear Regression for a Cable of Radius R; = 3mm
Data e Tk =ar Regression for a Cable of Radius ul
0.0065 | . Regressor Model Data
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. E
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(a) Pressure-to-position mapping for a 1 mm diameter (b) Pressure-to-position mapping for a 3 mm
cable. diameter cable.

Figure 1.26. Nonlinear regression models mapping desired pressure to gripper position for different
cable diameters.

1.4.4 Experimental Validation

This section is organized into three parts to validate the proposed framework.

First, we describe the BO procedure used to identify the optimal parameters of the Hertzian
contact model from tactile data.

Next, we present two experiments inspired by a bimanual regrasping scenario. The first as-
sesses repeatability, requiring the robot to align the cable while closing the gripper to a reference
force.

The second task is a grasp-and-lift experiment, in which the robot must apply the minimum
force required to lift an object without slippage, thereby evaluating the controller’s ability to
regulate contact forces for stable manipulation. Since a cylindrical force sensor is not available
for direct contact measurement, the assessment relies on the underlying physical model.

Bayesian Optimization Results

To validate the model across different scenarios, we benchmark electrical cables of radii R of
1mm, 2mm, and 3mm, at a fixed gripper-interface contact length L that is the contact length
between the cable and the gripper finger, depending on the pad used.

Starting from the search space defined in Tab. 1.1, we apply BO to identify the optimal
parameters for each cable configuration. The optimization was executed over 200 iterations on
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a 12th-generation Intel Core i7-12700 CPU. The full optimization procedure takes approximately
5 minutes to complete.

Once the cost function has been minimized, typically reaching residuals on the order of 102
as shown in Fig.1.27, the resulting parameters are stored in a lookup table (Tab.1.2) keyed by
cable radius, so they can be reused without re-optimization and used online; the trend of the
estimated pressure is then compared with the tactile-measured one in Fig.1.28. As shown in
Tab. 1.2, BO addresses a nonlinear problem in a five-dimensional parameter space, comprising
the Young’s modulus and Poisson’s ratio of both materials and a pressure scaling factor. In
such an underconstrained setting, multiple parameter combinations can achieve comparable
cost values, reflecting the continuous nature of the solution space. Nonetheless, the identified
solutions remain physically consistent and respect the expected mechanical hierarchy (i.e., the
cable material is stiffer than the compliant gripper pad) thus confirming the coherence of the
cost function and the optimization procedure.

Cost Function Evolution
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‘ iter = 169, cost = 0.04 Ri=2mm
600 Euy = 1.92 % 108, vy = 0.456 Ri=3mm
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Figure 1.27. Evolution of the cost function showing convergence trends and optimal parameters for
different cable radii.

Cable Alignment Experiment

The first experiment evaluates the repeatability of cable alignment using the proposed force
controller, evaluating the performance of the nonlinear regression model employed to predict
the gripper closure required to achieve a specified contact pressure and presented in Fig.1.26.
The evaluation is designed to address two main aspects:

* Accuracy — whether the gripper closure predicted by the regressor leads to a contact
pressure consistent with the desired target force.

* Repeatability — whether the system can consistently achieve the target pressure across
multiple trials, despite potential variations in initial cable positioning.

The aim of this study is therefore to assess the regressor’s feedforward accuracy while simulta-
neously leveraging closed-loop tactile correction.

The experimental procedure is as follows. For a given desired clamping force, the corre-
sponding contact pressure is first estimated using the Hertzian contact model. This target pres-
sure is then provided as input to the nonlinear regressor, which produces an initial estimate of
the gripper aperture. The gripper executes this closure, after which tactile feedback is incorpo-
rated in a closed-loop manner to refine the prediction

A representative sequence of the task is shown in Fig. 1.30, illustrating a dual-arm manipu-
lation scenario where the robot must regrasp a cable after correcting its pose. Once the regrasp
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Figure 1.28. Comparison between Hertz-estimated and ground-truth tactile-measured mean pressure
signals across three cable radii (R1, R2, R3). The estimated curves are obtained using the optimized
parameters from Table 1.2.
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distribution.

Figure 1.29. Tactile-based cable clamping: theoretical and experimental perspectives, and visual
estimation of cable-in-hand alignment.

point is identified, the gripper is positioned and commanded to close according to the regres-
sor’s prediction, securing the cable.

After closure, tactile sensing is used to assess cable alignment within the gripper. The tac-
tile map is approximated by a weighted linear regression, where each taxel is weighted by its
voltage to emphasize high-pressure regions. From the regression, the slope provides the cable’s
angular deviation around the gripper normal (Fig. 1.29d), while the intercept indicates its lateral
offset along the pad (Fig. 1.29¢). Based on these estimates, corrective motions are computed in
the gripper’s local frame, consisting of a rotation about the normal axis and a translation along

the pad surface to re-center the cable. The process is repeated until both deviations fall below
predefined thresholds, indicating successful alignment.
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(a) (b) (c)

(d (e)

Figure 1.30. Sequence showing the gripper aligning and grasping the cable using tactile feedback. In
case of misalignment, the gripper rotates until a symmetric pressure distribution is detected.
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Figure 1.31. Measured pressure during the cable alignment task for different target pressures. The
system consistently achieves the desired pressure with minimal error.
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(a) Grasp (b) Rise (c) First Rotation (d) Second Rotation

Figure 1.32. Sequence showing the gripper aligning and grasping the cable using tactile feedback. In
case of misalignment, the gripper rotates until a symmetric pressure distribution is detected.

Table 1.3. Success rate (%) for different clamping force levels across cylindrical objects of varying radii
and lengths.

Object Radius Length Range Pmean Pmean +10%

Cable 1 1.0mm 0.50-0.90m 80% 100%
Cable2  2.0mm 0.70-1.10m 76% 100%
Cable3  3.0mm 0.60-0.90m 95% 100%
Al Tube 25-3mm  0.30-0.35m 60% 100%

The effectiveness of the combined feedforward-feedback strategy is shown in Fig. 1.31,
where measured pressures closely match the desired profiles. Despite some uncertainty from
the feedforward regressor, the mean error remains within 0.01-0.02 V, confirming both accuracy
and repeatability.

Tests with cables of radii R = 2 mm and R = 3 mm show successful alignment within
tive corrective steps, demonstrating robustness to initial misalignment and sensor variability.
Residual discrepancies with the Hertzian model arise mainly from uncertainties in the contact
length L, which even in small variations significantly affect the pressure distribution.

Cable Grasp-and-Lift Experiment

Since a cylindrical force sensor was not available for this experiment, we validated the effec-
tiveness of our tactile-informed clamping strategy through a series of grasping trials designed
to resist gravitational slip while using the minimum required clamping force. In the absence
of a cylindrical force sensor, we validated our tactile-informed clamping strategy by perform-
ing grasping experiments that quantify the minimum normal force needed to prevent gravity-
induced slip. Given the object’s weight F,;, and assuming Coulomb friction at both contact
interfaces, the total frictional force is proportional to the normal force applied by each finger
and the effective coefficient of friction y between the silicone skin and the object surface.

To prevent the object from slipping under gravity, the frictional force must be greater than or
equal to the gravitational load. This leads to the stability condition:

E, > =%, (1.21)

where F, is the normal force exerted by a single finger. This inequality defines the theoretical
minimum clamping force required to prevent slippage under idealized assumptions. To eval-
uate repeatability and robustness under uncertainty and sensor noise, each trial re-executed
the full pipeline: the tactile dataset was re-acquired, and both the Hertzian contact model and
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the nonlinear regressor were re-optimized. The robot then grasped the object with the nomi-
nal clamping force predicted by the tactile-based model, corresponding to the minimum force
required to prevent slippage under gravity. After grasping, the object was lifted vertically and
subjected to a short arm motion sequence (Fig. 1.32), performed at low speed to isolate gravita-
tional effects and minimize dynamic contributions.

A trial was considered successful if the object remained secured throughout the sequence,
and a failure if slippage occurred. Results are reported in Tab. 1.3. To further test robustness,
the experiment was repeated with a 10% increase over the maximum clamping force observed
in the dataset; in this case, no object slipped, confirming that the tactile-informed estimate was
close to the true clamping requirement.

1.5 Cable Warehouse

In electrical cabinet assembly, the wiring phase remains one of the least automated stages, de-
spite the extensive automation achieved in cable production. Modern machines such as the
Komax ZETA 640 (Fig. 1.33) can fully automate cutting, stripping, and labeling, yet cable col-
lection and organization are still performed manually, introducing variability and inefficiencies
that limit full process integration.

To address this gap, this section proposes a robotic solution with future aim to connect cable
production with automated wiring. The entire process is illustrated in Fig. 1.34, where blocks
show the steps from cable fabrication to robotic wiring (in red since they are not part of this
work). A dedicated gripper retrieves each cable directly from the production machine and
deposits it into a structured warehouse composed of modular clips optimized through finite el-
ement analysis. This approach enables deterministic storage and retrieval without vision-based
identification, improving reliability, repeatability, and throughput while keeping the system
cost-effective and scalable. Overall, the proposed application demonstrates how robotic design

(a) Komax ZETA 640 cable production machine. (b) End-line KomaxZ640, its gripper with the final
cable product.

Figure 1.33. Komax ZETA 640 cable production machine with the robotic warehouse integrated.

can bring structure to unstructured tasks, transforming a chaotic post-production stage into a
predictable and traceable process. By integrating mechanical design, control logic, and compu-
tational modeling, the system lays the foundation for end-to-end robotic automation in cable
assembly and flexible manufacturing environments.

1.5.1 System Overview

The automation pipeline for cable handling, illustrated in Fig. 1.34, spans from the digital de-
sign of the wiring layout to the physical organization of cables within a robotic warehouse.
The process begins with EPLAN, which generates detailed electrical schematics and exports a
comprehensive CSV (see Fig. 1.34b) containing all relevant cable information, including origin
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(b) Example of cable production layout in Excel.

Figure 1.34. Overview of the cable warehouse system, from cable production to robotic wiring.

and destination points, numbering, cross-section, color, and length. This dataset defines the ex-
act production sequence and serves as a direct interface between digital design and automated
manufacturing.

Cable production is performed by the Komax ZETA 640, which automatically cuts, strips,
crimps, and labels each cable according to the CSV specifications. At the end of this phase, the
cables must be collected and organized in the same order in which they are produced, ensuring
traceability for subsequent wiring operations. To accomplish this, a robotic system equipped
with a custom-designed gripper (described in Sec. 1.5.2) transfers each cable directly from the
Komax output to a structured warehouse. The warehouse itself, composed of modular clips
detailed in Sec. 1.5.3, allows deterministic storage and retrieval, eliminating the need for visual
identification and ensuring consistency across the production workflow.

This integrated process, from digital data to robotic storage, transforms an unstructured
post-production phase into a fully traceable and automated pipeline, paving the way toward
seamless robotic wiring operations.

1.5.2 Gripper Design

The robotic gripper has been specifically designed to automate the cable transfer from the Ko-
max ZETA 640 machine to the structured warehouse. Its configuration ensures reliable grasp-
ing of cables with varying diameters while maintaining modularity, mechanical robustness, and
compatibility with standard industrial grippers. The complete setup is shown in Fig. 1.35.

Adapter Mechanism

The gripper employs a modular adapter that allows the use of custom fingers with different
commercial parallel grippers. In this application, the adapter has been tailored for the On-
Robot 2FG7 model. Each adapter is composed of two mirrored parts, each supporting a pair of
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(a) Robotic gripper for cable handling. (b) Cad of the robotic gripper

Fingertip Holder 3mm rad

Gripper-Finger-Coupling

Finger-Coupling
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(o) Finger slider in its (d) Finger slider in its (e) Holder for the fingers. (f) Fingers for cable
open position. closed position. grasping.

Figure 1.35. Detailed views of the robotic gripper designed for cable handling in the warehouse system.

fingers. A primary design requirement is the synchronized motion of all four fingers (two ac-
tive (Gripper-Fingers) directly actuated by the gripper sliders and two passive (Fingers) moving
through mechanical coupling.

The adapter design produces an inverted kinematic behavior compared to a standard par-
allel gripper: when the jaws close, the fingers open, and vice versa. This motion ensures the
correct spacing for grasping the cables as they are released from the Komax system. The fixed
55 mm distance between the mounting holes corresponds to the spacing of the Komax release
gripper, guaranteeing alignment and avoiding collisions throughout the full stroke of the jaws.

Fingers

The fingers connect the adapter to the fingertips and are angled at 126° to optimize align-
ment with the cable output of the Komax ZETA 640. This geometry facilitates insertion into
the workspace without interference and maintains sufficient cable rigidity during the transfer
phase. The spacing between the two fingertip holders is calibrated to allow the robot to position
itself between the Komax release jaws, ensuring precise and stable grasping.

The finger modules are interchangeable, enabling quick adaptation to different cable geome-
tries or gripper configurations. This modularity increases system flexibility while preserving
mechanical integrity and alignment accuracy.

Fingertips

The fingertips are designed to handle cables of various diameters (0.5-6 mm) without damaging
or deforming them. Each pair of fingertips forms an adaptive cylindrical interface that evenly
distributes grasping forces, maintaining local rigidity while minimizing slip. The symmetrical
design allows the tips to intersect slightly during closure, providing a stable and self-centering
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grip on cables of different sizes. This configuration ensures reliable cable transfer while main-
taining compliance necessary for deformable object manipulation.

1.5.3 Warehouse Design

(a) Modular warehouse structure real implementation. (b) CAD of the modular warehouse structure.

Cable Entry

F— Guide Tabs
Grip Hole
Flexible Limit Tab

Tabs ™

+ Base

(c) Front view of a single clip. (d) FEA analysis of a clip under 3N (e) Example of cable arrangement
load. in the warehouse.

Figure 1.36. Detailed views of the modular warehouse structure for cable storage and organization.

The warehouse system was developed to provide a structured, modular, and cost-effective
solution for cable storage. As shown in Fig. 1.36, the setup consists of multiple rows of clips
designed to hold cables in an organized and easily accessible layout. The system ensures deter-
ministic cable placement and retrieval while remaining adaptable to different workspace con-
figurations.

Storage Concept

Each storage unit, referred to as a couple of clips (Fig.1.36e), is designed to hold one cable end.
Since cables are stored by both ends and the robotic gripper fingers are spaced at a fixed distance
of 55 mm, a pair of clips is required to secure each cable. To maximize density, cables are
stored in pairs using four clips combined into a single modular block (see Fig. 1.36e). This
configuration guarantees both compactness and mechanical stability during cable insertion and
retrieval.

The modular nature of the warehouse allows flexible scaling according to production needs,
while its low manufacturing cost enables rapid prototyping and reconfiguration.

Clip Design

The clip (Fig. 1.36¢c) was engineered to enable smooth robotic insertion and removal of cables
while ensuring secure retention. It features two flexible tabs whose geometry determines the
compliance during deformation. Guide tabs assist alignment during insertion, while a central
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. Mean [N] Min [N] Max [N]
Clip N° Tests Clip Success [%] Misalign. [%]
2mm 4mm 2mm 4mm 2mm 4mm
40 48° 20 0
48° 365 371 346 338 412 405 40 65° 100 75
65° 21.0 212 195 193 220 225 40 77 70 80 30

77.7° 6.3 6.7 53 57 8.4 8.0

. . . ) Table 1.5. Success rate and alignment
Table 1.4. Comparison of clip configurations for 2 performance.

mm and 4 mm cable diameters.

grip hole increases friction for thinner cables. A limit tab prevents excessive cable displacement,
maintaining precise positioning within the warehouse.

1.5.4 Experimental Validation
Finite Element Analysis for design choices

Given the fixed spacing between the gripper fingers, the base length of the clip cannot be mod-
ified; thus, the key design variable is the angle between the clip base and its flexible tabs. This
parameter directly affects compliance and insertion force. Finite Element Analysis (FEA) was
performed on ABS 3D-printed prototypes to determine the optimal geometry (Fig. 1.37). Sim-
ulations assessed tab deformation under varying angles (48°, 65°, 77.7°) and applied forces,
complemented by experimental tests using a force-torque—equipped robot.

As summarized in Tab. 1.4 and Tab. 1.5, the clip with a 65° angle achieved the best trade-
off between insertion force and retention stability, reaching a 100% success rate with minimal
misalignment. This configuration was therefore selected for the final warehouse assembly.

~8mm

~6mm

~2mm

10N

wwugs

27mm 27mm 27mm

Figure 1.37. Finite Element Analysis (FEA) of the clip design under load, used to optimize the angle
between the base and flexible tabs for optimal performance.

Robotic Integration

The experimental campaign was designed to validate the functionality and reliability of the
automated warehouse system for cable storage, using the clip design at 65° as described in
Sec. 1.5.3. The warehouse filling process is based on a matrix structure that defines the position
of each cable within the storage layout. Following a Last-In, First-Out (LIFO) strategy, the robot
iteratively populates this matrix by placing cables in pairs: two cables are positioned one on top
of the other before proceeding to the next storage block. This arrangement prevents interfer-
ence between cables, optimizes space utilization, and facilitates organized retrieval during the
unloading phase (see Fig. 1.36e).

Once the reference frame and the initial placement point are established, the robot sequen-
tially fills the warehouse, adjusting its position according to the predefined matrix offsets until
all clips are occupied. This method ensures consistent cable placement, minimizes potential
collisions, and maintains precise traceability of stored elements.
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(a) Robot approaches the fake (b) Cable picking from the fake (c) Robot leaves the fake Komax cart
Komax cart to pick a cable. Komax cart. after picking.

(d) Robot approaches the (e) Cable placement inside the (f) Robot leaves the warehouse after
warehouse. warehouse. placement.

Figure 1.38. Complete robotic workflow for cable manipulation: (a—c) cable picking from the fake
Komax cart, and (d—f) cable placement into the warehouse.
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Figure 1.39. Force profile during cable insertion into the clips.

As shown in Figs. 1.38a, 1.38b 1.38c, the experimental setup aimed to replicate realistic
working conditions. An Omron TM900 collaborative robot, equipped with an integrated force
sensor, was controlled via an Omron PLC. Since direct communication with the Komax control
system was not available, a dedicated prototype was developed to emulate the Komax cable
cart. This prototype includes a stepper-driven linear guide that reproduces the original system’s
dimensions and operational sequence, enabling realistic pick-and-place trials.

The results demonstrated that the robotic gripper can consistently grasp and manipulate
cables with diameters ranging from 0.5 mm to 6 mm, adapting to different stiffness and surface
properties.

During the insertion phase shown in Figs. 1.38d, 1.38e, 1.38f, force measurements revealed
that when the applied force exceeds the threshold values defined in Tab. 1.4, the system correctly
flags a failed insertion, prompting operator verification. For instance, during tests with a 2 mm
cable, the insertion force increased sharply upon initial contact, peaking at approximately 22.1 N
(see Fig. 1.39). This peak corresponds to the maximum resistance encountered during insertion
and confirms the clip’s ability to hold cables securely while allowing compliant deformation.

Overall, the experimental results confirm that the proposed warehouse system provides a
reliable, repeatable, and scalable solution for automated cable storage, effectively bridging the
gap between cable production and robotic wiring operations.
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Chapter 2

Design of a Climbing Robot for
Continuous WAAM 3D Printing

Figure 2.1. Climbing Mobile 3D Printer prototype operating on a WA AM-fabricated structure.

Wire Arc Additive Manufacturing (WAAM) is a Directed Energy Deposition (DED) process
that employs an electric arc to melt a continuous metallic wire feedstock, depositing molten ma-
terial layer by layer to form near-net-shape components [87, 42]. Compared to powder-based
AM techniques, WAAM offers significantly higher deposition rates, often reaching several kilo-
grams per hour, making it particularly suitable for large-scale metal fabrication. Its scalability,
material efficiency, and capability to produce or repair large structural parts have led to appli-
cations across aerospace, shipbuilding, energy, and construction industries [37].

Despite its maturity as a manufacturing technology, integrating WAAM within mobile and
autonomous robotic systems remains challenging. The process inherently introduces geometric
irregularities, such as uneven layer thickness and surface roughness, which compromise the
mechanical interface between the printed structure and the robot that must navigate or anchor
onto it. These uncertainties limit the feasibility of continuous climbing and on-site manufactur-
ing systems, particularly when precise positioning and stable clamping are required. Previous
mobile 3D printers, often based on gear-rack mechanisms or smooth adhesion surfaces, strug-
gle to maintain accuracy and reliability when interacting with WAAM-produced geometries,
where small deviations can cause misalignment or slippage.

Addressing these limitations demands robotic solutions capable of adapting in real time
to the geometric variability of WAAM structures, ensuring secure anchoring and consistent
motion along irregular surfaces. Conventional climbing strategies, such as wheeled traction
systems or gear-rack mechanisms [45], [44], [73], including our previous prototype based on
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toothed wheels, are not suitable for WAAM-produced components. The inherent surface irreg-
ularities and layer discontinuities prevent reliable gear engagement, leading to slippage, loss of
alignment, and ultimately unstable locomotion along the printed element. To overcome these
drawbacks, the mechanism developed in this work adopts a fundamentally different approach:
the printed structure itself is designed with integrated anchoring holes that act as discrete and
repeatable gripping points. The robot employs a clamp-based anchoring mechanism capable
of inserting and locking into these holes, allowing secure attachment and controlled climbing
even in the presence of local geometric imperfections. This strategy decouples locomotion from
the surface topology, ensuring stable mobility over irregular WAAM geometries and enabling
truly autonomous Mobile Additive Manufacturing.

This work tackles this open problem by introducing a novel Climbing Mobile 3D Printer
(CM3DP) designed to operate directly on WA AM-fabricated structures, integrating motor cur-
rent perception and online optimization to achieve robust mobility and process continuity in
uncertain environments.

This work is under submission in IEEE Transactions on Mechatronics.

(a) WAAM process (b) Deposited layers

Figure 2.2. Overview of Wire Arc Additive Manufacturing : process, deposited layers, and torch
operation.

2.1 WAAM-produced self supporting structure

(a) Cross-section. (b) 3D Iso view. (c) Two-level anchor (d) Real printed element.
design.

Figure 2.3. WAAM-produced basement for the robot prototype, showing cross-section, 3D view, frontal
anchor design, and the real printed element.

To validate the proposed climbing mechanism, a self-supporting structure was designed
and fabricated using WAAM technology. The structure incorporates a series of evenly spaced
anchoring holes that serve as secure attachment points for the climbing robot. The design ac-
counted for the geometric irregularities typically observed in WAAM processes, ensuring reli-
able anchoring and traversal performance.
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Table 2.1. Anchor Point height statistics. Table 2.2. Anchor Point diameter statistics.
Parameter 1t ond Parameter 15t ond
Nominal height [mm]  35.0 35.0 Nominal diam. [mm] 21.0 21.0
Maximum height [mm] 36.0 38.0 Maximum diam. [mm] 21.5 22.0
Minimum height [mm] 33.0 24.5 Minimum diam. [mm] 20.0 20.0
Average height [mm] 345 29.7 Average diam. [mm] 21.2 217
Std. deviation [mm] 12 48 Std. deviation [mm)] 0.7 08

The proposed CM3DP printer system enables the fabrication of self-supporting, longitu-
dinal WAAM structures without external supports, such as those shown in Fig. 2.3. These
elements integrate discrete anchoring holes that allow the robot to grip and climb along the
printed element. Each anchor features a drop-shaped geometry composed of a circular base and
a tapered upper region inclined at 60°, which facilitates gradual bridging of molten metal, min-
imizes sagging, and preserves structural continuity in unsupported areas. The anchor points
measure approximately 35mm in height and 21 mm in diameter, dimensions optimized for
manufacturability and compatibility with the robot’s climbing system described in the follow-
ing sections.

A WAAM basement prototype was fabricated to validate the robot’s mobility along the
printed structure (Fig. 2.3). It consists of inner and outer walls forming a rounded-square cross-
section (72 mm and 120 mm edges, respectively), with a wall thickness of 3.2 mm and anchoring
holes 28 mm deep (Fig. 2.3a).

Despite minor irregularities typical of WAAM processes, the anchor geometry exhibits good
repeatability. As summarized in Tabs. 2.2 and 2.1, the diameter variation is limited, while the
height variation mainly affects the upper tapered region without compromising plug insertion.
Overall, the adopted design ensures both manufacturability and functional robustness of the
anchoring system.

2.2 Robot Mechanical Design

Z_worid

Z_target
(a) Coordinate frames of the climbing system showing (b) CAD model of the WAAM printer structure with
tool, target, and world references. torch and extrusion axes.

Figure 2.4. Architecture of the WAAM climbing printer: (a) reference frames definition and (b)
mechanical frame assembly.
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Figure 2.5. Overview of the climbing module components: (a) vertical-horizontal actuation unit; (b)
climbing leg with clamping and anti-pullout systems; (c) locking mechanism in closed and open
configurations.

2.3 CMB3DP Mechanical Design

The concept behind this mechanism is to insert one leg into the hole of the WAAM-printed
structure. The goal is to align the frame of the plug tip, denoted as X, with the target frame
Ltarget located inside the hole, as illustrated in Fig. 2.4a. To achieve this, the tip coordinates are
controlled through the actuation of the X and Z legs, while the remaining two legs provide
motion along the Y direction.

2.3.1 Robot Frame

The Robot Frame, shown in Fig. 2.4b, forms the main structural unit of the robot, that holds the
WAAM torch and the X-Y motion system for deposition. It consists of two rigid rectangular
modules connected by coupling plates that are built to be connected with the vertical actuators
of the legs. In this way the 4 legs form the base of the printer able to move the frame in the
Z direction. Mean while, the X-Y stepper axis to ensure the WAAM torch’s precise movement
during the printing process, are mounted on the top module. The frame, with overall dimen-
sions of 390 mm (Y-axis) by 270 mm (X-axis), defines the workspace available for deposition.
Two stepper motors, one per axis, drive the X-Y motion through toothed-belt transmissions,
allowing controlled movement of the torch across the printing area. Fig. 2.4a illustrates the
coordinate frames X9 used for kinematics and control.

2.3.2 Motion Legs

The Motion Legs subsystem provides motion along the Z-axis and enables the robot to climb
along the printed WAAM-produced element. Each leg (Fig. 2.5) integrates: a Vertical Actuator,
a Horizontal Actuator, and an Anti-Pullout System. The actuators employ NEMA17 stepper
motors coupled with ball-screw transmissions to ensure precision and load-bearing capability
up to 200 N per axis, resulting in a total vertical load capacity of 800 N. Endstops define reference
positions, ensuring repeatable motion and safe operation.
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An additional secondary carriage reinforces the vertical actuator by increasing stiffness and
reducing deformation under load. It includes brass inserts, bushings, and bearings to guarantee
low-friction sliding and rigid coupling with the frame. This configuration ensures accurate leg
positioning and improved stability during both printing and climbing phases.

Clamping Device and Anti-Pullout System

Lead screw

€y {pushed sphere)

Figure 2.6. Geometry of the Anti-Pullout System showing the lead screw and the three locking spheres.

The Clamping Device, shown in Fig. 2.5¢, couples a NEMA17 motor with a planetary gear-
box (ratio 1:5.3) and a prismatic joint that transmits torque to a threaded shaft inside the Anti-
Pullout System. The mechanism converts rotational motion into screw linear motion to actuate
the locking balls in such a way: when the screw advances it pushes the ball mechanism that
expand radially to press against the inner surface of the WA AM-produced anchor holes, gener-
ating a clamping force up to 3.3 kN. Reversing the motor retracts the screw, releasing the grip
and restoring the balls to their seats. An end stop defines the home position, ensuring consistent
engagement cycles.

As depicted in Fig. 2.4a, the Anti-Pullout tip is denoted as the control frame X, that must
be moved to the desired insertion point Ziarget through coordinated legs motion. The vertical
actuator controls the insertion depth along the Z-axis, the horizontal actuator handles lateral
X-axis adjustments, and the Y-axis translation is achieved by the synchronized motion of Legs 2
and 3. This coordination enables accurate plug insertion and secure anchoring during climbing
operations.

Consider the configuration shown in Fig. 2.6, where the lead screw pushes the left sphere
horizontally, resulting in a vertical displacement of the upper one. Let the three spheres have
radius R and be initially arranged with center-to-center distance 2R and angular spacing 6 (e.g.,
= 45° in the current design).

Kinematic constraint. Before motion, the centers of the contacting spheres are
C, =(0,0), C> = (2Rcos6, 2R sin6).
After the lead screw pushes sphere C; by a horizontal displacement x, the new positions become

C = (x,0), Cy = (2Rcos 6, 2Rsinf +v),
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Figure 2.7. Control and sensing hardware of the CM3DP system. (a) SKR~v3.0 control boards for
distributed actuation; (b) STEVAL IMU kit and interface board for attitude sensing; (c) IMU reference
frames and tilt angles for self-balancing control.

where y is the corresponding vertical displacement of the upper sphere. Since the spheres re-
main in tangential contact, their center-to-center distance is preserved:

(2R cos 6 — x)2 + (2R sin 6 + y)2 = (2R)>.

Solving for y yields:

y(x) =/ 4R? — (2R cos 6 — x)? — 2Rsin®. 2.1)

2.4 Control Architecture

2.5 CM3DP Control Architecture

The control architecture of the CM3DP system is divided into one Frame subgroup and four
Climbing subgroups, each composed of a motion leg and its associated clamping device (see
Fig. 2.5). Each subgroup is managed by a BigTreeTech SKR v3.0 motherboard equipped with
a 32-bit ARM Cortex-M7 STM32H743VIT6 processor (480 MHz). The firmware is based on the
open-source Marlin platform [50], which interprets G-code commands for multi-axis coordina-
tion and stepper motor control. Boards communicate via USB with a central PC for command
streaming and monitoring.

251 Leg Subgroup Control

Each device is driven by NEMA17 stepper motors with 1.8° resolution (200 steps/rev) and
TMC2209 drivers operating at 1/16 microstepping. The number of microsteps (Npgg) per mil-
limeter (mm) required for precise motion is
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Table 2.3. Custom G-code commands for CM3DP.

Command Description

G1 X(pos) F(vel) Linear motion along X (horizontal actuator).
G1 Z(pos) F(vel) Linear motion along Z (vertical actuator).

G28XYZ Homing all or selected axes.
G90 / GI1 Absolute or incremental positioning.
M17 XY Z Enable stepper torque hold.
M410 Stop all steppers instantly.
L1XYZ Start clamping procedure for Leg 1.
Nsteps Nmi
NLEG _ steps ! Ymicrosteps ( 2.2)

P screw
where Nyteps = 200, Niicrosteps = 16, and Pscrey is the lead-screw pitch.
The microstepping resolution for the clamping motor, considering a gearbox ratio n1, and the
step of the lead screw, is given by

N, steps N, microsteps
Pscrewn

Ncramp = (2.3)

which allows accurate control of the Anti-Pullout mechanism via custom G-code commands.
Finally, the number of microsteps per millimeter for the X-Y frame motors is

N, steps N, microsteps
2r Rpulley

NFRAME = (2.4)

where Rpyiey is the pulley radius driving the toothed-belt transmission.

2.5.2 Frame Control and IMU Compensation

To maintain the frame’s horizontal alignment during anchoring and printing, a STEVAL-MKI210V2K
IMU measures gravitational components (Ax, Ay, Az) along the three axes. From these, the

frame orientation is computed as:
\/ A% + A2
X Y
- 2.5
1, (2.5)

_ Ax _ Ay
\/ A + A2 \/ A% + A%

Considering the frame as a parallelepiped with sides Ix and Iy, the corrective displacements
along the Z-axis required to restore planarity are:

# = arctan 1 = arctan ¢ = arctan

[ l
Auzi%am@, Aﬂ:igamm (2.6)
The sign depends on each leg’s position relative to the measured tilt direction.
This integrated control strategy ensures precise motion synchronization, autonomous level-
ing, and stable operation of the CM3DP system during both printing and climbing.
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Figure 2.8. Bayesian Optimization-based clamping procedure for anchor insertion.

2.6 Bayesian Optimization for Anchor Insertion

During the climbing and anchoring phase, inserting the Clamping Device into the Anchor
Points is challenging due to WAAM-induced irregularities such as burrs and geometric de-
viations (see Tabs. 2.1-2.2). These imperfections generate uncertainty in the true anchor po-
sition, making insertion prone to misalignment and stepper slip. To address this, a Bayesian
Optimization (BO) framework (Fig. 2.8) is employed to refine the insertion trajectory online,
compensating for both geometric and actuation uncertainties.

BO is well-suited to this task, as it efficiently optimizes black-box objectives with few vari-
ables and costly evaluations [25]. A Gaussian Process (GP) models the objective function over
the search space, while the Expected Improvement (EI) Acquisition Function selects new sam-
pling points by balancing exploration and exploitation. This iterative process refines the esti-
mated anchor position until a successful insertion is achieved, after which the learned model is
reused across subsequent layers to accelerate convergence.

The optimization cost is defined as:

]BO = - (Gxex + Gyzeyz + Gfef) (2-7)

where ex = x; — x is the axial insertion error, ey. = \/(ys — y)? + (z4 — z)? is the radial mis-
alignment, and ey = f — f; (if f > fy, else ey = 0) penalizes excessive force, with Gy, Gy., and
G as weighting coefficients. If f exceeds a critical limit, the attempt is discarded and penalized.
A simple algorithm outlines the procedure: after each WAAM layer, the leg moves to the
nominal anchor pose Ztarget = (x4,Y4,24); the insertion proceeds while monitoring the motor
current. When force exceeds the threshold, motion halts, the cost Jgo is updated, and a new can-
didate pose is proposed by the EI policy. The process repeats until a stable insertion is detected.
The approach generalizes across all legs by applying appropriate coordinate transformations.

2.7 Results

This section presents the experimental validation of the CM3DP system, focusing on the climb-
ing and anchoring performance on pre-printed WAAM elements. The current experiments val-
idate the gripping precision and robustness of the climbing strategy on WAAM elements with
teardrop-shaped holes, which inherently exhibit geometric deviations requiring active compen-
sation.

Two representative WAAM-produced structures were used: a single-level element with one
plane of anchoring holes and a two-level element with two sets of holes at different heights.
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The latter was sufficient to validate the entire climbing and reanchoring cycle, as the procedure
remains consistent for additional levels.

(d) First level completed. (e) Leg released from first and (f) All legs anchored to the second
inserted into second level. level.

Figure 2.9. CM3DP climbing sequence: complete transition from the first to the second level. (a)—(c)
show the anchoring of the left and right legs; (d)—(f) illustrate the reconfiguration and final positioning
on the second level.

2.7.1 Climbing Procedure

The basic climbing sequence (Fig. 2.9) begins with the vertical actuator lifting and aligning the
Anti-Pullout shaft with the next anchoring hole. The horizontal actuator then drives the shaft
into the hole, and the Clamping Device locks the robot in place. This sequence is repeated
for all four legs, enabling progressive climbing. However, due to WAAM-induced irregulari-
ties (Tabs. 2.1-2.2), holes may deviate in position or diameter, leading to either collision during
insertion or insufficient locking torque. These issues can cause slight frame tilts, affecting sub-
sequent insertions.

To ensure reliable engagement, a feedback-based control strategy integrated with Bayesian
Optimization refines each insertion trajectory online. In parallel, a self-balancing routine (Sec. 2.5.2)
maintains the frame horizontal alignment before resuming printing.

Figure 2.10 shows the BO control applied to the horizontal actuator of Legl. A 150 mA
threshold distinguishes normal insertions (~140 mA) from overloads. When exceeded, the cost
function penalizes the configuration, steering the optimizer toward new poses. Successful in-
sertions (brown curve) remain below the threshold, confirming proper alignment. The search
space was limited to £10 mm in depth (Z) and +30 mm radially (Y), discretized at 0.5 mm to
balance speed and robustness.

Each leg pair requires up to 25 exploration steps for the first insertion and up to 10 for the
second, achieving average insertion times of 6 min and 2min per level, respectively. Failures
only occur when opposing anchors are misaligned, a rare event during tests.

2.7.2 Frame Balancing

After all legs are anchored, the robot automatically levels the frame before resuming printing
in the parallel to the printing plane direction. Figure 2.11 shows a typical correction sequence:
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Figure 2.10. Bayesian Optimization—guided insertion sequence. (a) shows the actuator current and
position evolution; (b—e) illustrate the iterative learning process leading to a successful anchor
engagement.

the IMU measures tilt angles, and leg displacements compensate for the misalignment. The red
line represents measured angles, while the dashed blue line denotes the horizontal reference.

2.7.3 Torch Integration and Motion Testing

Fig. 2.12 reports preliminary trials aimed at identifying feasible parameters both at the power-
source level and on the robot side. The welding current was varied from 75 A to 150 A. A
representative setting at 130 A, with a printer TCP speed of 1000 mm /min and wire feed speed
of 3.8 mm/min, provided a suitable quality thickness tradeoff. Under these conditions, the de-
posited bead exhibited approximately 3 mm width and a quasi uniform 1.5 mm height.

The selected parameters were then used to print a multi-layer square path representative of
the baseline WAAM geometry, evaluating dimensional uniformity over three deposited layers.
The G-code was generated from the CAD model by requesting a nominal toolpath speed of
1000 mm/min in the slicer. After the first layer, measurements along straight segments were
consistent with the single-bead test (approximately 3 mm width and 1.4 mm height). However,
at the rounded corners the deposition became non-uniform, reaching a maximum local height
of 1.8 mm. As three additional layers were printed, corner over-deposition accumulated: the
straight segments remained close to the expected value, while the corner region reached ap-
proximately 5.5 mm total height and not uniform. By manually adjusting the tool speed at the
corner regions, the corner error was reduced and deposition quality augmented. These results
validate the basic printing functionality of the integrated system, while indicating the need for
dedicated G-code validation and corner-aware speed scheduling in future developments.
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(a) Angular correction over time during the self-balancing process.

(b) Initial misalignment before compensation. (c) Aligned configuration after correction.

Figure 2.11. Self-balancing procedure during the first anchoring phase. (a) Angular correction trend
estimated by the IMU. (b—c) Visual comparison between initial misalignment and final aligned
configuration.
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Figure 2.12. WAAM torch integration and motion validation: (a) modified frame design and (b) torch
motion test along the element boundaries.
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Chapter 3

From Computational Modeling to
Real-World Transfer

Modern robotics increasingly relies on computational representations as the main interface
through which reality is modeled, simulated, and predicted. Advances in computer graphics,
physics-based simulation, and numerical modeling have enabled the design and validation of
complex robotic behaviors entirely within the digital domain, often with remarkable precision
and repeatability. Through meshes, Signed and Robotic Distance Functions (SDFs-RDFs), and
dynamic models, robots can acquire a detailed geometric and physical understanding of their
environment before any real interaction takes place.

Yet, despite the impressive realism achieved in simulation, the transition from computation
to reality remains one of the central challenges in robotics. Digital models are necessarily ide-
alized: they rely on perfect geometry, noiseless sensors, and stable dynamics. In contrast, the
real world exhibits frictional asymmetries, mechanical backlash, material variability, and sensor
uncertainty that are difficult to capture or predict. Even small discrepancies in these aspects can
lead to significant deviations in shape reconstruction, dynamic response, or task execution.

This chapter explores the delicate relationship between computational modeling and phys-
ical realization.

Building upon the real-world applications discussed in the previous chapters, Sec. 3.1 ex-
tends the analysis to the simulation of DLOs, focusing on cable dynamics and parameter sen-
sitivity. The goal is to support reinforcement-learning (RL) policies for robust cable deposition
tasks in electrical cabinets; part of this work was presented at ERF [34].

Subsequently, Sec. 3.2 examines the complementary problem of sim-to-real transfer, focusing
on how discrepancies between simulated and real dynamics (the so-called reality gap) affect
robotic control performance and policy deployment. The results of this work are planned for
submission to AIM 2026. Sec. 3.3 then moves to the geometric domain, exploring how mesh-
based representations can be transformed into continuous spatial fields such as Signed Distance
Functions (SDFs) and Robotic Distance Functions (RDFs), which enable analytical computation
and gradient-based analysis.

Finally, Sec. 3.4 introduces capability and reachability maps as higher-level tools to describe
the feasible configurations and dexterous regions of robotic systems, linking geometric repre-
sentations with task-level decision-making. From this work we built a library that is planned
for submission to IEEE Transactions on Industrial Informatics (TII).

3.1 Simulation and Modeling of Deformable Linear Objects for Re-
inforcement Learning Scenario

In the context of unstructured robotic applications, the modeling and simulation of deformable
linear objects (DLOs) such as cables and wires [43, 60] are essential for developing adaptive and
learning-oriented control strategies. Our work presented at ERF, [34] focuses on the analysis
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(a) Gazebo simulation environment for DLO (b) NVIDIA Isaac Sim environment for DLO
manipulation. manipulation.

Figure 3.1. Simulation environments used for evaluating DLO dynamics and manipulation strategies.
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Figure 3.2. Mass-Spring-Damper (MSD) model for simulating DLO dynamics.

of a Mass-Spring-Damper (MSD) model to simulate DLO dynamics within robotic environ-
ments, comparing the performance achieved using NVIDIA Isaac Sim and Gazebo, extending
the framework introduced in [59] to develop a reinforcement-learning environment for cable
manipulation tasks. The study examines how variations in cable model parameters (specif-
ically Young’s modulus, damping, and discretization) affect the stability and realism of the
simulated behavior. This preliminary investigation provides a systematic understanding of pa-
rameter sensitivity, establishing a basis for the future adoption of domain randomization (DR)
techniques. The results align with the overall objective of this thesis: integrating computational
modeling and control design to enhance robotic performance in unstructured scenarios, with
particular attention to the relationship between physical fidelity, parameter optimization, and
learning robustness.

3.1.1 Mass-Spring-Damper Model for DLO Simulation

As inspired by [59], the DLO can be modeled as a discrete sequence of masses connected by
virtual spring-damper elements. Each mass interacts with its neighboring elements through
elastic and damping forces, which collectively describe the cable’s deformation under external
loads.

As shown in Fig. 3.2, the DLO in simulation is represented as a chain of n masses, each
linked to adjacent masses through virtual springs. The motion of the i-th mass is governed by
Newton’s second law:

2
mi%tx; +kdaail = —3]5+Fe (3.1)

where m; denotes the mass of the i-th element, x; its position, k; the damping coefficient, E;
the total elastic energy stored in the springs connected to the mass, and F; represents external
forces such as gravity or contact interactions from the environment. The left-hand side of Eq. 3.1
expresses the dynamic equilibrium between inertial and damping effects, while the right-hand
side represents the gradient of the potential energy and the contribution of external forces.

In this work, following the standard mass—spring—-damper (MSD) formalism, two main elas-
tic components are considered: linear springs and bending springs, representing stretching and
bending effects, respectively. Twisting springs are not included in the model, as the considered
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robotic task of cabling electrical cables takes into account just cable deposition and manipula-
tion. This task does not involve torsional deformations. This simplification improves computa-
tional performance without compromising the physical fidelity of the simulated cable behavior.

Linear and Bending Springs in the Simulation

The energy stored in a linear spring (E;), consequently forces, connecting two adjacent masses
are defined as:

1
B = Sks(li — loi)?,
F = —ks(li — loi)u,

1

(3.2)

where [; is the instantaneous distance between two mass points, ly; is the rest length of
the segment, and u is a unit vector in the direction of the spring’s force. The stiffness k; is
determined by the material and geometric properties of the cable as:

EA
ks = —, (3.3)
loi
with E being Young’s modulus and A the cross-sectional area of the wire. This formulation
models axial elasticity, ensuring that the cable resists stretching in proportion to its material
stiffness.

For bending behavior, the potential energy (E?), consequently forces, are defined as:

1

E} = Ekbﬁ?/
3.4
rb— _ BEf’_l aEzI? BEII?H 34)

! Gxi 8xi axi !
where B; is the local bending angle between consecutive segments, computed as:
Bi = arctan (‘IZHXH) , (3.5)
L1 1

with 1; representing the segment vector between two consecutive masses, and 1;_; and 1,4
the adjacent segments. The bending stiffness k; is calculated as:

o
loi”

where I is the second moment of inertia of the cable’s cross-section. This formulation enables
the simulation of smooth curvature and realistic bending resistance. At each simulation step,
the forces computed from both linear and bending contributions are integrated to update the
velocities and positions of all masses.

ky (3.6)

3.1.2 Domain Randomization for Learning-Based Cable Manipulation

As highlighted by the previous results, the dynamics of a DLO are highly sensitive to the phys-
ical parameters used in simulation. Small variations in quantities such as mass, stiffness, or
damping can significantly alter the system’s stability and overall behavior. This sensitivity be-
comes even more critical when the goal is to generate training data for learning-based control
algorithms, where the model’s response directly influences the quality and consistency of the
policy learned.

In real-world robotic manipulation, the physical properties of deformable cables are rarely
known with precision. Factors such as material heterogeneity, manufacturing tolerances, or
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Table 3.1. Parameters used in the simulation experiments for DLO stability analysis.

No. E[MPa]l Discretization Sampling period Stability Sec. to insta-

(n masses) At [s] bility
1 12.6 n=10 0.0000050 Stable 0
2 526.0 n=10 0.0000050 Stable o0
3 1002.0 n==6 0.0000050 Stable o0
4 1002.6 n=10 0.0000050 Unstable 0.4
5 1002.6 n=10 0.0000001 Stable o0

environmental conditions can cause variations in mass distribution, elasticity, and damping. To
cope with these uncertainties, Domain Randomization (DR) provides a powerful framework that
enables reinforcement learning (RL) agents to acquire policies robust to parameter variations.
Instead of training the policy on a single nominal model, DR exposes the agent to a wide range
of randomized physical conditions, encouraging it to learn invariant behaviors that generalize
across different system configurations.

In the context of DLO manipulation, this approach can be realized by randomizing the key
parameters that define the cable’s dynamics:

e the discretization level n (number of masses), which affects inertia distribution and the
resulting oscillatory properties of the system;

¢ the Young’s modulus E, governing both linear and bending stiffness as defined in Egs. 3.3
and 3.6;

¢ the cross-sectional area A, which influences the stiffness and therefore the stored elastic
energy in each segment;

¢ and, optionally, the damping coefficient k;, which determines the system’s energy dissi-
pation and impacts numerical stability.

As shown in the previous section, variations in physical parameters significantly affect the
DLO’s energy and deformation behavior. This observation underpins the use of DR, where
parameter randomization introduces controlled variability in the cable’s dynamics, enriching
the simulation data used for learning.

In this study, we focus on randomizing the Young’s modulus and the discretization level, as they
have the strongest impact on stability and global behavior. Extending this approach to other
parameters would similarly diversify the simulated dynamics, ranging from soft to stiff cables.

Ultimately, this framework aims to be integrated into a RL pipeline, where training under
varying DLO properties allows the policy to generalize to real-world conditions, effectively
reducing the sim-to-real gap and enabling robust manipulation of deformable objects.

3.1.3 Results

The results summarized can be compared in Gazebo and Isaac Sim as well. Table 3.1 and Fig. 3.3
clearly show that uncontrolled parameter randomization can lead to qualitatively different dy-
namic behaviors. As depicted in Fig. 3.3a, certain combinations of Young’s modulus, mass
discretization, and sampling time result in stable and physically consistent simulations. Con-
versely, excessive stiffness or inappropriate time discretization can lead to divergence and insta-
bility, as shown in Fig. 3.3b. Between these two extremes, marginally stable configurations may
occur (Fig. 3.3c), where small oscillations persist over time, resembling a limit-cycle behavior
caused by imperfect numerical damping.
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(b) Unstable cable simulation in NVIDIA Isaac Sim.
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(c) Marginally stable cable simulation in NVIDIA Isaac Sim.

Figure 3.3. Examples of stable, unstable, and marginally stable cable simulations in NVIDIA Isaac Sim.
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Using the PPO reinforcement learning algorithm, and after appropriate empirical tuning of
its parameters, the agent successfully trains but exhibits strong oscillations during inference, in-
dicating that it has poorly encoded the cable dynamics. These outcomes emphasize that, while
parameter randomization is a powerful concept for improving learning robustness through DR,
its application to deformable object modeling requires strict control of numerical stability and
energy conservation. Randomly varying parameters such as mass or stiffness without adjust-
ing the damping coefficient (k;) or the integration time step (At) may produce simulations that
remain apparently stable but exhibit unrealistic force oscillations and non-physical energy ac-
cumulation. When such corrupted data are used for RL, the agent may inadvertently learn
inaccurate or unstable manipulation strategies.

Therefore, we conclude that the current DLO simulation framework, although suitable for
static and well-tuned parameter studies, is not yet fully prepared for large-scale DR integration.
Before introducing DR within RL pipelines, it is necessary to implement stabilization mech-
anisms that preserve total energy consistency and dynamically adapt the integration step to
prevent divergence. Future work will focus on developing these stabilization strategies and
evaluating more advanced simulation platforms or solvers to ensure reliable data generation
for learning-based control.

3.2 From Simulation to Reality: Bridging the Gap in Robotic Control
Learning

Simulation has become a cornerstone of modern robotics, providing a safe and computationally
efficient medium for developing and validating control and learning algorithms[105, 81]. High-
fidelity physics engines such as MuJoCo, Gazebo, and Isaac Sim allow robots to be tested under
controlled yet realistic conditions, enabling massive data generation and the training of com-
plex models without physical wear or risk. In particular, simulators have proven essential for
reinforcement learning (RL)[81, 83], where thousands of rollouts can be performed in parallel to
optimize control policies that would be otherwise infeasible to train directly on real hardware.

Despite these advantages, a persistent challenge remains: the behavior of a robot in sim-
ulation rarely matches its physical counterpart perfectly. Even small inaccuracies in dynamic
parameters, such as link inertias, joint friction, or actuator models, can lead to substantial dis-
crepancies in velocity and torque profiles once the policy is deployed on the real robot [5, 2].
This phenomenon, often referred to as the dynamical gap, represents one of the main obstacles
to reliable sim-to-real transfer.

To mitigate this mismatch, the first part of this section focuses on a Real2Sim2Real pipeline
developed in MuJoCo for torque-controlled manipulators. The approach begins with the acqui-
sition of real joint torque trajectories, which are used to adapt the simulation parameters, such
as friction and inertia, via trajectory matching and genetic optimization [41, 83]. Once the pa-
rameters are aligned with the physical system, RL is performed within a domain-randomized
version of the calibrated simulator [40, 88, 76]. This process allows the trained policy to gen-
eralize beyond the exact nominal model, achieving smoother and more robust transfer when
deployed on the real robot.

The second part of this section extends the same concept to velocity-controlled systems
through a digital twin framework implemented in Isaac Lab. Here, the simulator is continu-
ously synchronized with the physical robot, updating its dynamic parameters online through
real data streams. Unlike the previous approach—where identification occurs offline before
training—this method treats system identification as an ongoing learning process. A RL agent
is used to tune the damping and friction parameters of the simulator in real time, ensuring that
the simulated joint velocities remain consistent with those observed on the actual robot.

Both the approaches are planned to be published in the next months.
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3.2.1 A simple reinforcement learning overview of algorithms used in this work

The RL algorithms adopted in this work for Real2Sim transfer are grounded in the actor—critic
framework, which combines the estimation of a value function with a parameterized policy
optimized through gradient methods. These approaches are designed for continuous state and
action spaces, as required in robotic control where torque or velocity commands vary smoothly.
Their common goal is to approximate the solution of the Bellman optimality equation through
iterative policy improvement while maintaining numerical stability and efficient exploration.

Formally, an RL problem can be described as a Markov Decision Process (MDP) defined by
the tuple (S, A, P, R, y), where the agent learns a policy 7(a|s) that maximizes the expected
discounted return:

J(rr) = Ex

i 'rtrt] : (3.7)
=0

In actor—critic methods, two neural networks are jointly trained: the critic, which estimates
the state-action value function Qg (s, a), and the actor, which parameterizes the policy 7tq(als).
The critic minimizes the Bellman residual:

Lo(¢) = E(s,ars01) [(Q¢(5t/ﬂt) - }/t)z} , (3.8)

with the target y; = r; + 7Q¢(st+1, 7tg(st+1)), while the actor is updated via the deterministic
policy gradient:

Vol (7ta) = Bo,p | Vorta(s1) VaQo(st,a)

azng(st)] . (3.9)

DDPG and TD3. The Deep Deterministic Policy Gradient (DDPG) [56] algorithm represents
the foundation of this family. It enables direct learning of deterministic continuous policies us-
ing experience replay and target networks to stabilize training. However, DDPG is sensitive to
noise and prone to overestimation bias in the Q-function. The Twin Delayed Deep Deterministic
Policy Gradient (TD3) [26] mitigates these issues through the use of twin critics,

Y =1+ lrgg Qq‘;,- (5t41, 7T9(St41)), (3.10)

and delayed policy updates, improving convergence stability and robustness, especially for
torque control.

SAC and TQC. The Soft Actor—Critic (SAC) [38] algorithm extends the classical formulation
by introducing an entropy term into the objective, encouraging stochastic exploration:

[ee]

]SAc<7T9)IIE7T9 Z’yt(i’t—i-ﬂﬂ'[(ﬂg(-‘st))) , (3.11)
t=0

where « controls the trade-off between reward maximization and entropy. This formulation
yields policies that are both smooth and robust to modeling inaccuracies. The Truncated Quan-
tile Critics (TQC) [48], algorithm builds upon SAC by representing Qy(s,a) as a quantile distri-
bution and truncating the highest quantiles to suppress overestimation, resulting in improved
stability in torque-based control.

PPO. Proximal Policy Optimization (PPO) [82] represents a complementary approach based
on stochastic on-policy learning. It introduces a clipped surrogate objective to constrain the
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Figure 3.4. Diagram illustrating the workflow for validating and executing a reinforcement learning

policy in both simulation and real-world scenarios. The process includes parameter estimation (e.g.,

torque/position curves, friction, inertias, and gravity compensation), training via RL (TQC in figure)
policy validation, and execution for Real2Sim and Sim2Real applications

policy update within a trust region:
LEP (9) = ;[ min (ri(6) Ay, clip(ri(6),1 — €,1+€) Ay) |, (3.12)

where r;(6) is the probability ratio between new and old policies, and A; the advantage func-
tion. This mechanism ensures monotonic policy improvement and avoids destabilizing up-
dates.

3.2.2 Real2Sim2Real for Torque-Controlled Manipulators

This section outlines the framework developed to achieve robust torque-level control in robotic
manipulators through a Real2Sim2Real pipeline. The method extends the approach in [5] by
integrating advanced identification techniques [29] to improve the dynamic fidelity of the sim-
ulated model.

Physical data are first used to calibrate the robot’s dynamics (Real2Sim), enabling a realistic
simulation environment for policy training with domain randomization. The trained RL policy
is then validated in both MuJoCo and Gazebo before being deployed on the real Franka Emika
Panda robot, ensuring generalization across simulation domains and robustness under real-
world torque control Sim2Real. The goal of this is to train a RL-agent to drive the robot from a
random initial joint configuration to a target pose using only torque commands.

Reward Function and Policy Update

Following the calibration and validation stages described above, the next step focuses on defin-
ing the control objective that guides the learning process. This objective is expressed through
a reward function that quantifies the quality of the robot’s behavior in simulation, forming the
basis for policy optimization. To achieve a desired goal the robot-agent seeks to maximize the
expected cumulative reward, defined as:

Ry =Y 7*r (3.13)
k=0

where R; is the expected return at time ¢, ;4 is the instantaneous reward at step t + k, and
v € [0,1) is the discount factor weighting the contribution of future rewards.

The reward function r is designed to encourage accurate trajectory tracking while penal-
izing excessive joint velocities and accelerations that could induce instability or high energy
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consumption. It is defined as:

(3.14)

4 ks Y/ tanh(|g;|) ks X7_; tanh(|d;])
= —kid—k h(|g;]) — —
r 1 zgtan (|q D ‘k4—min(1,d)‘ ke +d

where d represents a normalized distance-to-goal term (defined below), 4; and §; denote the
joint velocities and accelerations, and kj, .. ., k¢ are weighting coefficients selected empirically
to balance convergence speed and motion smoothness. The use of hyperbolic tangent functions
ensures bounded penalization and smooth gradients during policy optimization.

Policy learning is performed using a continuous control RL algorithm (e.g., TQC, SAC, or
TD3), which iteratively updates the policy parameters 6 to maximize the expected return J(7y)
(see Eq.3.9). The specific terms in the reward function are defined as follows:

* ki: A positive value that affects how much the agent is penalized based on the distance
between the end effector and the goal position.

* ko: A positive constant that controls the contribution of the joint velocity 4; and joint ac-
celeration 4; terms in the reward function. It adjusts the penalty for high velocities and
accelerations of the joints.

* k3: A positive constant that determines the relative importance of the joint acceleration
term 4; in the reward function. It scales the penalty based on joint accelerations.

* ky4: A positive constant that replaces the value 1.15 in the original equation. It scales the
penalty term for angular acceleration and modifies the impact of the term |ky — min(1,4d)|
in the reward.

* ks: A positive constant that replaces the value 0.15 in the original equation. It influences
the denominator of the second angular acceleration term, modifying how the distance
affects the angular acceleration penalty.

¢ d: The normalized distance between the end effector and the goal position, defined as:

X,
d= H ObSH,

d goal

where ||Xps|| is the Euclidean distance from the current position of the end effector to the
goal position, and dg, is the distance to the goal.

¢ g;: The velocity of joint i. It represents how quickly the joint configuration is changing
over time.

¢ j;: The acceleration of joint i. It indicates how quickly the joint velocity is changing over
time.

¢ The terms g§; and 4; are used to penalize the agent for rapid movements and excessive ac-
celerations, encouraging smoother motion. The tanh function is used to bound the values
of these terms, ensuring the penalties are non-linear and prevent excessively large values
from dominating the reward.

The reward function is designed to balance accuracy in reaching the goal position with
smooth and energy-efficient joint movements. The first term encourages proximity to the goal,
while the velocity and acceleration penalties (via §; and §;) discourage abrupt or unstable mo-
tion. The use of tanh ensures numerical stability and limits the influence of extreme values.
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Through iterative training, the agent learns to associate specific joint torques with success-
ful task completion, gradually improving its policy 7t to minimize errors and enhance task
efficiency. The policy update can be expressed as:

6rs1 = 0, — (1) VoL, (3.15)

where 6; represents the parameters of the policy at time ¢, () is the learning rate, L(-) is the
loss function and V¢L denotes the gradient of the loss. See [95] for more details.

As claimed before, the performance of RL in robotic control strongly depends on the accu-
racy of the robot’s dynamic model. In this work, we focus on estimating key dynamic parame-
ters of the Franka Emika Panda, to enhance the fidelity of simulation and improve sim-to-real
transfer.

The robot dynamics are described by the standard equation of motion for an 7n-DOF manip-
ulator:

T = M(q)4§+C(q,9)4+ G(9), (3.16)

where T denotes the vector of joint torques, M(q) the inertia matrix, C(g,4) the Coriolis and
centrifugal terms, and G(gq) the gravity vector. This is the equation we want to match between
simulation and reality by identifying the parameters involved.

Preliminary experiments [5], shown in Figs.3.7a, 3.7c, revealed discrepancies between sim-
ulated and real behaviors, mainly due to unmodeled friction and inaccurate gravity compensa-
tion.

To address these issues, we identified a set of parameters p for each joint, including the
friction coefficients and the six independent elements of the joint inertia matrix. The identifica-
tion problem was formulated as an optimization task minimizing the trajectory tracking error
between simulated and real joint trajectories:

T
E(p) = ZO [Ysim (£, P) — Yreal (£)|, (3.17)
t=

where Ysim (¢, p) and Yreqi () represent the simulated and measured torque trajectories, respec-
tively.

During the experiments, we observed an asymmetry in kinetic friction: the torque required
to move a joint differed depending on its direction, leading to trajectory mismatches between
simulation and reality. Indeed in simulations as MuJoCo, Isaac Sim and Gazebo friction is typi-
cally modeled as two variable called “friction” and ‘damping’, strongly symmetric that represent
the static and dynamic friction components, respectively. For this reason we also noticed that
modifying the friction parameters provided by mujoco simulation was not sufficient to reduce
the reality gap. While static friction is computed by experimental results, computing the torque
necessary to move a single joint, dynamic joint friction was modeled using a smooth sigmoid-
based function already defined in [29]:

o 1, 9
fi 14 e 920t e3) 14 e 92i93)7

iel,....7, (3.18)

where @1, ¢2;, and @3 ; are friction-related parameters specific to joint ;.

In order to avoid local minima of classical method, parameter identification was performed
using a stochastic search through an iterative optimization process inspired by genetic algo-
rithms [75]. At each iteration, a set of candidate parameter vectors was evaluated by sim-
ulating the corresponding trajectories and computing the tracking error using Eq. 3.17. The
best-performing candidates were then used to generate new parameter sets via mutation and
selection, progressively refining the estimate until convergence.
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3.2.3 Digital Twin for Velocity-Controlled Manipulators

Since RL models trained in simulation often underperform in real-world control tasks due to
the well-known reality gap, the proposed approach repurposes such models for online parame-
ter estimation rather than direct policy deployment. While in previous section the identification
was performed offline before training, here the focus is on continuously adapting the simulation
parameters in real time to match the physical robot’s behavior. Using real-world data collected
from the TIAGo robotic manipulator, the goal is to develop a high-fidelity Digital Twin within
a novel, real data-driven framework. First we used a torque controller, now since we want to
bring the Task Priority controller that will be presented in Chapter 4 in simulation, we focus on
velocity control. The target in this section is to identify the simulation parameters that mini-
mize the velocity error between the real robot and its digital twin, since a mismatch in velocity
profiles can lead to significant performance degradation in simulation and redundant robot will
not behave as expected. A reference velocity profile is taken into account. The core idea is: the
Digital Twin continuously updates its dynamic parameters to reproduce the real robot’s joint
velocities in real time, ensuring synchronized behavior between the simulated and physical
system.

As illustrated in Fig. 3.5, the experimental architecture includes a reference signal generator
that periodically emits joint-velocity commands transmitted simultaneously to both the phys-
ical robot and its Digital Twin. The real system operates in an open-loop configuration, with
no feedback influencing the command generation. Meanwhile, the real robot’s state feedback
is continuously streamed into the simulation environment, allowing the computation of the
real-to-sim discrepancy. This discrepancy, expressed as the velocity difference between the two
systems, is integrated into the loss function used for online training of simulation parameters.
The RL agent thus minimizes the velocity error over time, dynamically adjusting the simula-
tor’s internal parameters to achieve a high-fidelity digital replica of the real robot.

The trajectory selected for these experiments is a high-frequency sinusoidal motion applied
at the joint level. As shown in Fig. 3.6, the trajectory is accurately tracked by the Isaac Lab simu-
lator, while the real-world robot exhibits notable discrepancies. To enhance the dynamic fidelity
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Figure 3.6. Comparison of joint velocities between Reference (blue dashed), Gazebo (green), and Isaac
Lab (red) across all joints during the pre-training phase.

of the digital twin, the problem of system identification is formulated as a RL task focused on
estimating the simulation parameters that most influence velocity control behavior. Thus, we
racall that in this case the main objective is not to perform high-precision reference tracking, but
to replicate the velocity response of the physical robot inside the simulated environment.

A preliminary analysis identified the parameters exerting the greatest influence on velocity-
controlled dynamics. Among the various actuator models available in PhysX, the implicit ac-
tuator model, based on an internal spring-damper (PD-like) control structure, demonstrated the
most predictable and tunable behavior. In particular, variations in the damping and friction
coefficients produced systematic changes in the simulated velocity response across joints. Con-
versely, the stiffness parameter was excluded from optimization, as it mainly affects position
regulation rather than velocity dynamics. In short, we aim to identify the function that best
approximates the friction behavior within the simulator.

Due to the nonlinearities introduced by PhysX'’s implicit solver, analytical identification is
not straightforward. Hence, the estimation process is reformulated as a black-box optimiza-
tion problem solved using RL methods. Two algorithms, Soft Actor—Critic (SAC) and Proximal
Policy Optimization (PPO) are employed. The RL agent iteratively adjusts the damping and
friction parameters for each of the robot’s seven joints to minimize the discrepancy between
simulated and real velocity responses.

The top-performing trial for each algorithm is selected based on the highest achieved final
episode reward. The corresponding hyperparameter sweep ranges adopted for SAC and PPO
are summarized in Tab. 3.3.

Curriculum Learning for Multi-Joint Optimization

To address the sample inefficiency of RL in high-dimensional robotic systems, a Curriculum
Learning (CL) strategy is introduced to accelerate training. CL structures the learning process
through a sequence of progressively more complex tasks, allowing the agent to build com-
petence incrementally. This principle is beneficial when training on complex robotic tasks is
impractical from scratch.

In this context, the RL training process is divided into sequential stages:

1. Source task: the agent starts by optimizing damping and friction parameters for a single
joint;
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2. Intermediate tasks: additional joints are progressively activated, as defined by the variable
active_joints;

3. Target task: all seven joints are optimized simultaneously.

This staged progression reduces the initial search-space dimensionality, mitigating the risk
of convergence to poor local minima. Advancement through the curriculum is regulated by a
signal-correlation criterion. Specifically, the Pearson correlation coefficient between the simulated
and real joint velocity profiles is computed as:

T - .
_ thl (sim,tYreal t
)= T 2 T o
2t=1 Jsim,t 2t=1 qreal,t
where T is the number of signal samples. A new joint is introduced into the optimization

process once the median correlation across all joints exceeds a predefined threshold p. The key
parameters governing this progression are summarized in Tab. 3.2.

(3.19)

C (qsim/ qreal

Population-Based Hyperparameter Optimization

RL performance is highly sensitive to hyperparameters such as learning rate, discount factor,
and entropy coefficient. To automate their tuning, a Population-Based Training (PBT) ap-
proach is employed through the Ray Tune-Optuna framework. Ray Tune orchestrates dis-
tributed training, while Optuna applies the Tree-structured Parzen Estimator (TPE) for effi-
cient search across hyperparameter spaces. Hydra manages configuration hierarchies, enabling
structured sweeps via YAML files and command-line overrides, with real-time logging handled
by TensorBoard.

SAC and PPO differ fundamentally in their optimization principles and hyperparameter
sensitivities. The explored hyperparameter ranges are listed in Tab. 3.3, while the best config-
urations and corresponding rewards are reported in Tab. 3.5. There are three shared standard
hyperparameters plus two parameters each algorithm typical of on-policy and off-policy algo-
rithm respectively.

Reward Function and Policy Update

The designed reward function acts as a loss function, encouraging the agent to minimize ve-
locity errors between simulation and reality. At each timestep, it penalizes the Mean Absolute
Error (MAE) between the joint velocities of the Isaac Lab simulation and those recorded in the
real or Gazebo-based robot:
1 active_joints
R=—— — ii real — Gisi 3.20
active_joints ; (Gireat = isin] (3:20)

This formulation guides the agent to iteratively refine joint dynamics, increasing fidelity
across all degrees of freedom as training progresses.

Table 3.2. Correlation parameters for curriculum progression.

Parameter Symbol Value

Number of signal samples T 200 steps
Correlation threshold 0 0.90
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Table 3.3. Hyperparameter sweep ranges for SAC and PPO.

Hyperparameter SAC PPO Meaning

learning_rate [1075,1072] [107°,3x107%]  Policy update step size.

batch_size [64,512] [64,512] Samples per gradient update.

gamma [0.9,0.999] [0.9,0.999] Reward discount factor.

ent_coef [1073,1071] [0.0,0.01] Entropy regularization weight.

tau [1073,0.1] - Target network soft update (SAC only).
buffer_size {50k,100k,500k} - Replay buffer size (SAC only).

n_steps - [256,2048] Env. steps per policy update (PPO only).
n_epochs - 3,20] Batch passes per update (PPO only).

Action Space and Scaling The agent optimizes joint damping ({) and friction (y) via a contin-
uous action space defined as a gym.Box space with 28 elements per environment, four control
parameters per joint for each of the seven arm DOFs:

a= [a,u_scale a7 _scale Ay a@] € [_1/ 1]m><4n, (321)

where n = 7 is the number of arm joints, and m is the number of parallel environments.

Given that relevant damping and friction values span several orders of magnitude (empir-
ically observed in the range [1, 1000]), a logarithmic scaling strategy is adopted. Raw action
values are first scaled to logarithmic exponents:

a +1 a +1
Hscale = ;[7scazle -3, (-scale = é_Scazle -3 (3-22)

These values define the upper bounds of the estimated parameters:
fmax = 10Fscle, 7o = 10 scale (3.23)
Final parameter values are obtained through linear scaling of the remaining actions:

a, +1 ar+1
n= Hz * Umax, é: §2 'gmax (324)

This adaptive rescaling allows the agent to explore both low and high parameter ranges
with appropriate resolution.

Action Masking To align with the curriculum learning approach, the agent controls only a
subset of joints at each stage of training. The number of controlled joints is determined by the
variable active_joints. Actions corresponding to inactive joints are masked out and excluded
from both policy learning and simulation updates. This ensures progressive learning while
maintaining consistent action dimensionality.

The masking is applied by selecting only the first active_joints elements of the friction and
damping vectors.

Observation Space The observation space, implemented as a gym.Box, includes 49 elements
per environment instance, seven features per joint. It’s defined as:

0= [Qrefr Greals Gsim, M) € R™*71, (3.25)
where:
* grer € R™*": reference joint velocities,

® Grea € R™: ground-truth joint velocities,
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* gsim € R™": simulated joint velocities,

e m € {0,1}"*": active joint mask.

Inactive joints are zero-padded in the observation vector. The mask m ensures that policy
updates are guided only by the currently active DOFs, preserving learning efficiency and sta-
bility as more joints are introduced.

3.24 Results

Reinforcement Learning Results for Torque Control

Dynamic Parameter Identification for Sim-to-Real Transfer
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Figure 3.7. Comparison of torque profiles for the first joint of the Franka Emika Panda robot before and
after dynamic parameter estimation. The left column shows significant discrepancies between
simulated and real torques, while the right column demonstrates improved alignment post-estimation,
highlighting the effectiveness of the calibration process.

We compared several RL algorithms (DDPG, SAC, TD3, and TQC) to determine the most
effective approach for our setup. After tuning each algorithm via grid search, TQC consistently
outperformed the others, achieving higher and more stable rewards, as shown in Fig. 3.8. Its
robustness to parameter variations is particularly valuable for sim-to-real transfer, where phys-
ical uncertainties and modeling errors are unavoidable. Unlike SAC and TD3, which exhibited
sensitivity to parameter changes, TQC maintained stable behavior across a broad range of con-
ditions, making it well suited for real-world deployment.
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Reinforcement Learning Agents Comparison: TD3 vs SAC vs DDPG vs TQC
0 Mean Rewards — TD3 — SAC = DDPG =— TQC

-1000
2000
23000 |}

-4000

0 500 IK 1.5K 2K 2.5K Steps
Figure 3.8. Episode mean reward comparison across DDPG, SAC, TD3, and TQC algorithms. TQC
demonstrates consistently higher rewards, underscoring its superior performance and robustness in our

environment.
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Figure 3.9. Comparison of the TQC agent’s performance in the Mujoco and Gazebo simulators. The
plots display the rewards obtained across four random goal scenarios, demonstrating consistent
behavior and effective sim-to-sim transfer.

Parameter Estimation To correct gravity compensation errors, small torque offsets were man-
ually introduced for each joint, ensuring symmetry between positive and negative motions.
Static friction was characterized by gradually increasing torque until movement occurred, defin-
ing the minimum torque needed to overcome stiction in both directions. These thresholds were
then used in simulation to replicate static friction behavior. Finally, the genetic optimization
refined the friction and inertia parameters, significantly improving simulation fidelity. The up-
dated friction coefficients are reported in Table 3.4, showing substantial adjustments from the
initial estimates.

The TQC agent was trained in MuJoCo and later validated in Gazebo to progressively in-
crease simulation realism. The agent learned to reach random goals within the robot workspace,
ensuring adaptability to diverse target configurations. Domain randomization was applied by
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Figure 3.10. Comparison between Mujoco and Gazebo for four random goals. Mujoco shows smoother
transitions while Gazebo introduces disturbances mimicking physical inconsistencies.

perturbing all friction parameters ¢ within £10% and all inertia terms within £5% of their iden-
tified values. This two-stage Sim25im phase allowed robust policy evaluation and fine-tuning
under controlled yet diverse conditions before real-world deployment.

The final deployment on the real Franka Emika Panda validated the trained policy’s. Thanks
to domain randomization during training, the agent generalized effectively to physical condi-
tions with minimal tuning. As shown in Fig. 3.10, real-world trajectories closely matched those
obtained in simulation, with only minor deviations near target positions. Overall, the TQC
agent maintained stable and reliable performance, confirming successful transfer from simula-
tion to reality and demonstrating the feasibility of the proposed Sim2Real pipeline.

Reinforcement Learning Results for Velocity Control

To further enhance the robustness of the learned policies and mitigate overfitting to a fixed
velocity command, the reference velocity signals are randomized during training. Specifically,
their amplitudes and frequencies are varied within predefined constrained ranges carefully se-
lected to ensure that both joint position and velocity limits remain satisfied. This randomization
strategy prevents the policy from specializing to a single motion pattern, thereby promoting bet-
ter generalization and improving transferability to real-world scenarios, where the robot may
encounter diverse motion profiles.

The complete experimental pipeline includes a systematic comparison between PPO and
SAC algorithms, evaluated under both concurrent and curriculum-based training setups. Fol-
lowing this comparative phase, hyperparameter optimization and final policy deployment are
performed to identify the most effective configuration for accurate real-world replication.

Both PPO and SAC agents undergo an extensive hyperparameter tuning stage, comprising
30 independent trials per algorithm. Although not exhaustive, this number of trials provides a
balanced trade-off between parameter space exploration and available computational resources.



70 Chapter 3. From Computational Modeling to Real-World Transter

Table 3.4. Friction parameters @1 ;, ¢ j, and @3 ; for the seven joints of the Franka Emika Panda robot
before and after dynamic optimization. The first block reports the analytically estimated (old)
parameters, while the second lists the calibrated (new) values obtained through trajectory-based
identification.

Parameter J1 J2 J3 J4 J5 Jo J7

Old values

¢1,/ 055 0.87 064 128 084 030 0.56

$2,j 512 9.07 10.14 5.59 835 17.13 10.34
@3, 0.04 0.03 -0.05 0.04 003 -0.02 0.01

New values

$1,j 340 198 251 244 260 119 155

P2, 9.67 2867 9.83 18.78 419 575 1.70

P3, 0.01 0.01 -0.01 0.01 0.01 -0.01 o0.01

(c) Visualization of the Panda robot reaching the goal position in the real-world environment.

Figure 3.11. Comparison of simulated and real torque profiles for selected joints of the Franka Emika
Panda after dynamic parameter estimation. Each plot illustrates the improved alignment between
simulated and measured torques.

Each trial consists of 1,000,000 environment iterations, and only those configurations that suc-
cessfully complete the final stage of the curriculum, representing the full seven-joint target task,
are retained for evaluation.

The top-performing trial for each algorithm is selected according to the highest final episode
reward, as reported in Tab.3.5. The optimized hyperparameter settings reveal that both algo-
rithms benefit from relatively small learning rates and large batch sizes, which contribute to
stable convergence under curriculum learning.

As shown in Fig. 3.13, the SAC agent trained under curriculum learning (CL) consistently
outperforms both its PPO counterpart and the fine-tuned SAC agent trained in the concurrent
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(a) Concurrent training (default HP)  (b) Curriculum training with HPO (c) Fine-tuning SAC

Figure 3.13. Training performance comparison: learning curves of the agents. Smooth mean reward and
standard deviation are displayed.

setup. SAC demonstrates higher rewards and faster convergence across all training configura-
tions. In particular, under the CL framework, the final reward reaches a peak of 1.71, whereas
the concurrently trained SAC model plateaus at approximately —2.33. This performance gap
underscores the effectiveness of the staged learning process introduced by curriculum learning,
which reduces variance in gradient updates and facilitates more stable convergence.

The final SAC policy obtained through curriculum learning and fine-tuning is subsequently
deployed within the Isaac Lab simulator to assess its ability to replicate real-world joint ve-
locity responses. A benchmark sinusoidal velocity command is applied simultaneously to all
seven joints. To ensure deterministic evaluation, the deployed policy operates without explo-
ration noise. Velocity outputs are recorded within a single-instance Isaac Lab environment and
compared across all joints. The resulting performance, depicted in Fig. 3.14, shows that the
simulation faithfully reproduces the real robot’s joint velocity dynamics, confirming that the
optimized Digital Twin achieves a high level of dynamic fidelity at the velocity-controlled joint
level.

3.3 Robotic Distance Functions

Within this broader perspective, this section focuses on the geometric representation of the robot
and its surrounding environment through continuous distance fields. We extend the classical
notion of the Signed Distance Function (SDF) to the Robotic Distance Function (RDF), originally
introduced in [55], which embeds the robot’s kinematic and geometric parameters directly into
the distance formulation.

This extension turns the geometric model into an active component of the control and plan-
ning pipeline, enabling its use for collision checking and avoidance within robot control loops.
In particular, RDFs provide differentiable computations of distances and gradients that can be
exploited for motion generation, collision avoidance, and task-priority control.
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Table 3.5. Best hyperparameters and final rewards under curriculum learning.

Alg. Rew. Enw 1r batch 7 ent others

PPO —458 256 1.4x107° 512 0918 1.1x10"* steps:64, ep:9
SAC —3.02 128 3.0x10™* 512 0905 0.0067 buf:500K, T:0.059
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Figure 3.14. Comparison of joint velocities between Reference (blue dashed), Real Robot (green), and
Isaac Lab (red) across all joints.

Emphasis is placed on computational efficiency and implementation strategies that ensure
real-time performance, preserving compatibility with the temporal constraints of robotic sys-
tems. The discussion thus bridges the abstract domain of mesh-based modeling with its practi-
cal implementation, evaluating the performance of RDFs and their contribution to robust real-
world robotic applications. In the following, this methodology is adopted to build a reactive
controller within the Task-Priority framework and to perform collision checking, as detailed in
Sec. 3.4.

Given a closed surface S C R, representing for instance the boundary of a robot link or an
external obstacle, the SDF function assigns to any point p € R? its signed Euclidean distance
from S:

d(p,S) if pisoutside of S,
f(p)=<x0 if p is on the surface S, (3.26)
—d(p,S) if pisinside of S,

where d(-, S) denotes the Euclidean distance.
The surface S can thus be recovered as the 0-level set of the function f, that is

S={peR’|f(p) =0} (3.27)

The SDF provides a continuous and compact representation of complex geometries. Nega-
tive values of f(p) indicate that p lies inside the solid, positive values indicate that p is outside,
while f(p) = 0 corresponds exactly to the boundary.

This representation is particularly well-suited for robotics because:

¢ it is continuous and differentiable almost everywhere,

e it provides direct access to surface normals through the gradient V f(p),
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* it enables efficient integration into motion planning, collision avoidance, and manipula-
tion tasks.

Despite these advantages, the exact computation of SDFs is often expensive, especially for
complex surfaces or articulated robots. For this reason, practical implementations typically rely
on learned or approximated representations that preserve continuity and differentiability while
reducing computational cost.

3.3.1 Extending SDF to RDF

Consider a robot with joint configuration g € R, composed of K rigid links. Each link k €
{1,...,K} is associated with a homogeneous transformation

TF(q) € SE(3), (3.28)

which maps points from the local frame of link k to the robot base frame, while its inverse maps
base coordinates into the local frame of the link.

Given the signed distance function fi(-) of link k expressed in its local coordinates, the RDF
is defined as

fr(pr ) = min_ fe((T@)"p), (3:29)

where p, € R is a query point expressed in the robot base frame. Equation (3.29) encodes the
global signed distance of the robot geometry as the minimum of the link-wise distances, each
evaluated in its own local frame.

Equation (3.29) illustrates the core idea of the RDF: any query point in world space is first
mapped into the local frame of each link through the inverse kinematic transformation, and
then evaluated using the corresponding link SDF. The global robot distance field f is obtained
by taking the minimum value across all links.

3.3.2 Approximation via Bernstein Bases

In the presented framework, the SDF of each robot link k is approximated by a weighted linear
combination of basis functions:

filp) =¥ (p) wy, (3.30)

where ¥(p) is a vector of basis functions evaluated at the query point p, and wy is the weight
vector learned for link k. Since the Bernstein basis is defined on [0,1], in practice p is first
normalized to f(p) (defined below) and ¥ is evaluated at f(p); for readability we keep the no-
tation ¥(p). This formulation is general and allows different families of basis functions to be
employed, depending on the desired trade-off between expressiveness, smoothness, and com-
putational cost.

A particularly effective choice is given by the Bernstein polynomials, which provide a com-
pact and smooth representation with guaranteed continuity. Since these basis functions are de-
fined only on the unit interval [0,1], a point p € [dmin, dmax]® from the original domain must

first be normalized as t(p) = % € [0,1]3. The basis vector is then defined as the tensor

product of univariate Bernstein polynomials:
Y(t) = &(ty) @ O(ty) @ D(t2), (3.31)

with () = [go(-) -+ ¢n-1(-)]T and

¢n(t) = (N; 1> (1 —t)N e [0,1] (3.32)
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This construction allows for adjustable approximation resolution by varying the polynomial
order N.

3.3.3 Training Via Basis Function

The training of an SDF consists of learning the weights wy from a dataset of samples:

D = {(pi, f(pi)) } 1

where each p; € IR? is a point sampled in space and f(p;) is the signed distance value computed
from the reference mesh.

Dataset Generation

Figure 3.15. Example of a Franka Emika Panda hand link SDF dataset extracted using [74]. The blue
dataset represents points inside the object, while the red one represents points outside the object.

To generate training data from a mesh, we employed the open-source library mesh-to-sdf,
[46], [74]. This library implements a sampling procedure that produces pairs (p;, f(p;)) accord-
ing to two main criteria:

¢ Near-surface sampling: points are sampled more densely near the mesh surface, in order
to capture the zero-crossing of the SDF with higher accuracy.

¢ Uniform sampling: additional points are uniformly sampled in the surrounding space, to
regularize the learning process far from the surface.
Domain Normalization

Following the DeepSDF approach [74], each mesh is scaled and translated to fit inside a unit
sphere centered at the origin. This normalization step has two main advantages:

1. Uniform domain: data are always sampled within the same interval [—1,1]3, avoiding
scaling issues across different meshes.

2. Numerical stability: training becomes more stable since input and output values remain
within compact and controlled ranges.
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Formally, let ¢ € RR® be the centroid of the mesh bounding box and s € R* the maximum
radius (distance between c and the mesh vertices). Then, mesh points p are transformed as

p=t"°¢ - ‘ (3.33)
so that ||p|2 < 1. The SDF is computed on these normalized points, and during deployment
the transformation can be inverted to map predictions back to the original space.

Weight Learning

The learning problem is formulated as a least-squares regression:
w' = (YY) YT S, (3.34)

but for computational efficiency a recursive formulation is often used (e.g., Kalman filter-like
updates), which allows for mini-batch processing and progressive weight updates. More detail
in [55].

3.3.4 From Normalized Training to R3

The training strategy described above (Sec. 3.3.3), based on mesh-to-sdf sampling and DeepSDF-
inspired normalization, ensures stable learning of SDFE. However, it also introduces an intrinsic
limitation: the dataset is defined only within a bounded region (typically a normalized sphere
of radius one around the mesh). As a result, the learned SDF is strictly valid only inside this
region, while outside it remains undefined.

Prepare data for SDF evaluation

Since the SDF is learned in the normalized space
p="E" (3.35)

any query point must be mapped into this space before evaluation. Here, ¢ € R® denotes the
centroid of the mesh bounding box, while s € R™ is scale factor that ensures the mesh fits inside
the unit sphere (see Sec. 3.3.3).

At inference time, the signed distance in original units is obtained as

flp) = Sf(?), (3.36)

3.3.5 Domain Extension via Projections

In robotic applications, distance queries, already scaled as discussed in Sec. 3.3.4, must also
be evaluated far from the normalized training domain. If left unaddressed, this mismatch be-
tween the training domain and the operational domain would cause discontinuities and unreliable
distance values.

To overcome this limitation, we extend the definition of the SDF beyond the training bounds
by introducing geometric projections. The general idea is the following: when a query point p
lies outside the training domain, it is first projected back onto a bounding surface enclosing the
training set, and the SDF is then defined as the sum of the SDF at the projected point plus the
Euclidean distance between p and its projection.

Two alternative projection strategies are implemented:

¢ aspherical projection, which is computationally efficient and numerically stable,
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¢ an ellipsoidal projection, which better adapts to the anisotropic geometry of each link,
but it requires numerical iterative optimization.

Both strategies preserve continuity and differentiability of the resulting distance function, while
trading off precision and computational cost. The two methods are described below.

2
.\ ;/
3 o
W |
- ./ &
s .
(a) Ellipsoidal projection of a point p onto the (b) Spherical projection of a point p onto the
training domain boundary (ellipsoid fitted to the training domain boundary (sphere of radius r1).

training data).

Figure 3.16. Comparison between ellipsoidal and spherical projection strategies used to extend the SDF
domain beyond the training region.

Spherical Projection

The simplest strategy assumes that the training region is a sphere of radius r; centered at x. If
the dataset has been normalized as in Sec. 3.3.3, then xy = 0 and r; = 1. Given a query point
p= (x, Y, z), we first compute its distance from the center:

ra = lp - xol. (3.37)

If r, < rq, the point lies inside the training domain and no modification is needed. Otherwise,
p is projected onto the spherical surface as

— X
Psphere = X0 +n P r 2 . (3.38)

The distance offset is given by
dsphere =rn—-n. (3.39)

The extended SDF is then defined as

f(p) = f(psphere) + dsphere~ (3.40)

This method is computationally inexpensive since the projection is closed-form, requiring
only vector normalization. Moreover, as points move farther away from the object, the SDF
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naturally tends to resemble that of a sphere, which justifies the approximation. For this reason,
spherical projection is often preferable in real-time control scenarios where efficiency is critical.
Ellipsoidal Projection

Fitting To obtain a tight and anisotropic bounding region, we fit an ellipsoid to the training
point cloud. We start from the subset of samples that lie inside (or on) the object surface,

Pin = {pil (pi. f(pi)) € D, f(pi) <0},

so that the resulting ellipsoid remains bounded within the normalized domain.
The ellipsoid is centered at the centroid of these points,

= 1
|Pin’

Y. i (3.41)

piepin
and aligned along the principal directions of their covariance matrix,

1

> =
‘Pin|

Y (pi—wpi—mw". (3.42)

pi E,Pin

By performing eigen-decomposition & = ADAT, the eigenvectors A define the ellipsoid ori-
entation, and the square roots of the eigenvalues in D = diag(A1, A2, A3) define the initial axis
lengths:

ap = 2 )\1, bo =2 )\2, Cop = 2\/)\3. (3.43)

To keep the ellipsoid bounded within the normalized domain (Sec. 3.3.3), a uniform scaling

factor ,
s = (3.44)

a4 by c
max(2,2,2>

is applied to all axes. The final semi-axes are therefore
a=sag, b=sby, c=scp. (3.45)

The resulting ellipsoid provides a compact anisotropic bounding surface for projection.
Note that not every point in P;, is guaranteed to lie inside the ellipsoid, but this is not a strict
requirement for the projection to work effectively.

Projection A query point p is first mapped into the ellipsoid local coordinate system:

pe=A"(p—p), (3.46)

where A contains the eigenvectors of the covariance matrix. For convenience, let p, = (x¢, Ve, Z) T
The projection onto the ellipsoidal surface is obtained by solving the constrained minimization
problem

. ‘ ) uf  ui U
p :argmumHu—ng s.t. ﬁ+ﬁ+c7:1’ (347)

which can be solved with the Newton-Raphson method. To project points on the ellipsoid
surface efficiently, the method introduced by Eberly [21, 14] is adopted, which reformulates the
problem into minimizing the following function parametrized by the Lagrange multiplier A

2 2 2
. axe bye CZ,
P = <a2+A> + <b2+/\) * <C2+/\> -1 (3.48)
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-0.75

Figure 3.17. Ellipsoid fitted to the training point cloud of a robot link. The ellipsoid is centered at the
centroid of the points and aligned with their principal directions, providing a tight bounding volume
for projection.

The minimization problem is solved by using the Newton-Raphson method:

F(M)
F'(Ak)

Aky1 = A — (3.49)

The algorithm is stopped when |F(Ax)| < e. The corresponding value of Ay = A* is used to
project the point p on the ellipsoid surface. This projection, namely p*, is expressed in global
coordinates as

p= A | g (3.50)

Finally, the extended SDF is defined as

fp)=fp)+lp—rI (3.51)

The ellipsoidal projection is more computationally demanding than the spherical one, but
provides a tighter and more accurate extension of the SDF domain, especially for elongated or
asymmetric robot links. It is therefore the method of choice in tasks where precision outweighs
efficiency, such as high-fidelity simulation or manipulation in cluttered environments.

Remark on normalization and prediction. Since the SDF is learned in the normalized space
p = =5, at inference the value in original units is obtained as

flp) = sf(?), (3.52)

where f is the SDF learned in normalized coordinates. For spherical/ellipsoidal projections, the
projection is computed in the normalized space, and only the final distance value is rescaled by
s.
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Remark 3.3.1. From this point onward, to generalize the projection notation, we denote by 7(p)
the spherical or ellipsoidal projection of a point p.

3.3.6 Surface Analysis and Gradients

A distinctive advantage of SDFs is their differentiability. The gradient V f(p) € R® provides the
outward normal vector at the closest surface point. In RDE, the gradient is computed directly
from the Bernstein basis representation:

Vfi(p) = V¥(p)w, (3.53)

with
V¥ =@ (py) ® q’(f’y) ® @ (p2),
V, ¥ = ®(px) @D (py) @ ®(p2), (3.54)
V.Y = ®(px) @ D(py) @ ' (p2).

Here, accordling to Sec. 3.3.2, any query point p € [dmin, dmax]3 must first be normalized, and
@' (t(p)) contains the derivatives of the Bernstein polynomials. The smoothness of these func-
tions guarantees that the gradient field is stable and suitable for control.

When computing derivatives, this change of variables must be considered. By the chain
rule,

O _ Opu Ot _ 3y 1

ap N ot % B ot ‘ dmax_dmin.
Therefore, the gradient of the basis functions with respect to the original coordinates p includes
a scaling factor given by the domain length (dmax — dmin )-
In compact vector form, this relationship can be written as

(3.55)

1

dmax - dmin

V¥ (p) = Vi¥(t(p)), (3.56)
where V¥ denotes the gradient of the Bernstein basis with respect to the normalized coordi-
nates. Inside the sphere (||p|| < r1), the gradient coincides with the Bernstein approximation,
but outside the projection must be considered, as discussed in the next section.

3.3.7 Gradient Correction after Projection

When extending the SDF beyond its training domain, the Bernstein gradient Vg f(p) (simply
V) is evaluated at the projected point 7t(p), while the SDF is assigned to the query point p. As
a result, the gradient field and the scalar field become spatially inconsistent: the direction of
Vi(7rt(p)) does not generally represent the true direction of Vg (p). This mismatch occurs be-
cause Vp is computed in a different spatial location, without accounting for the geometric dis-
tortion introduced by the projection itself.

Figure 3.18 illustrates this phenomenon in the spherical case. Each subplot shows the same
signed distance field (color map) along with the query point p (red circle) and its projection
7(p) onto the training boundary (blue point). The dashed blue line indicates the projection
vector connecting them. The orange, green, and purple arrows represent the Bernstein gradient
V, the spherical correction Vg, and the final total gradient Vr, respectively.

Although Vg correctly describes the local variation of the field at the projected point, it fails
to represent the correct direction at the query location p. This occurs because the gradient is
evaluated in a different region of the field, so its orientation does not correspond to the actual
direction of increasing distance at p.
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To recover a consistent and continuous gradient field, a correction is applied by combining
Vg with the radial component V:

V1 = Vp+BVs, (3.57)

where Vg = ﬁ and B is a blending factor controlling the influence of the spherical term. This
correction ensures that V1 points in the correct direction of growth of the signed distance while
preserving the smoothness inherited from the Bernstein representation.

The same reasoning applies to the ellipsoidal projection, where Vs is replaced by the local

outward direction Vg = H::ﬁ

- (Z M and the transformation of Vp is handled through the el-
lipsoidal Jacobian J,,. In both cases, this correction restores the coherence between the scalar
and vector fields, yielding a geometrically consistent signed distance representation suitable for

control and optimization.

Gradients with Spherical Projection

The Bernstein approximation introduced in Sec. 3.3.2 is valid only inside the training domain,
typically bounded by a unit sphere of radius denoted r;. For points outside the training sphere,
|lp|| > 1, the signed distance function is defined as

f(p) = fo(n(p)) + d(p), (3.58)

where 71(p) is the spherical projection of p onto the sphere surface, and d(p) is the Euclidean
distance of the projection.

Since fp is evaluated at the projected point 77(p) rather than at p, the gradient is distorted
by the projection. To recover the correct gradient with respect to the original coordinates, the
chain rule must be applied:

Vi (fa(m(p) = Jx(p) " Vfa(m(p)), (3.59)
where the Jacobian of the spherical projection is
-
" pp
J = (I - > : (3.60)
= U e
The additional distance term contributes a purely radial component:
Vd(p) = HZH' (3.61)

Combining the two effects, the gradient outside the sphere is

Vi¥(H(r(p))) w + HZH' (3.62)

max — dmin
The first term is the Bernstein gradient, corrected by the Jacobian to remove the distortion due
to projection, while the second term enforces the proper radial behaviour of the distance field.
Gradients with Ellipsoidal Projection

Analogously to the spherical case discussed in Sec. 3.3.6, when a query point p lies outside the
ellipsoidal training domain, the signed distance function is defined as:

f(p) = fo(me(p)) + llp—m(p)l, (3.63)
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Figure 3.18. Step-by-step illustration of the gradient correction process for spherical projection. The
query point p (red) lies outside the training domain, and its projection 77(p) (blue) lies on the boundary.
The Bernstein gradient Vp (orange) is evaluated at the wrong spatial location, leading to misalignment.
Adding the spherical component Vg (green) restores the correct direction, and their combination yields

the total gradient V1 (purple), aligned with the true variation of the signed distance. The same
mechanism applies to ellipsoidal projections, where V5 is replaced by the local outward direction V.
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where 77,(p) is the projection of p onto the ellipsoid surface, as defined in Sec. 3.3.5. Inside the
ellipsoid, the field coincides with the Bernstein approximation fg(p).
To compute the gradient of f(p) with respect to p, the chain rule is again applied:

Vpf(p) = J=(p)" Vis(me(p)) + Vlip—me(p)l, (3.64)

where [, (p) is the Jacobian of the ellipsoidal projection.

The exact analytical Jacobian of the ellipsoidal projection 77, involves the solution of a non-
linear system depending on the Lagrange multiplier A* (see Sec. 3.3.5), and is thus cumbersome
to compute in closed form. For efficient GPU evaluation, an approximate but geometrically con-
sistent Jacobian is adopted. Let A € IR¥*3 denote the eigenvector matrix defining the ellipsoid
orientation, and let

pe=A"(p—p) (3.65)

be the query point expressed in the ellipsoid coordinate frame, with y the ellipsoid center and
(a,b,c) its semi-axes.
The local Jacobian approximation is constructed as

_n PePeT)
o(pe) = — [ I — 5%, 3.66
Je(pe) upeu< e (3.66)

which projects the gradient onto the tangent plane of the ellipsoid and rescales it according to
the local radial ratio m. This Jacobian generalizes the spherical case (Sec. 3.3.5) by replacing
the isotropic radius with the anisotropic geometry of the ellipsoid.

Mapping back to the world coordinates yields

]ng(p) = A]e(pe) AT (3.67)

Combining the above terms, the overall gradient of the extended SDF is:

1

max — dmin

Vi¥(t(me(p))) w + P mep) (3.68)

. T
VIp) =TIx(p) S lp = me(p)II

The first term accounts for the Bernstein gradient distorted by the projection geometry, while
the second term represents the gradient of the added distance offset, pointing along the normal
direction from 7, (p) to p.

This approximation retains differentiability and geometric consistency while being efficient
to compute in batched form on GPU, as implemented in Sec. 3.3.9.

3.3.8 Point Projection onto Surfaces

Another powerful property of SDFs is their ability to project any point p onto the implicit sur-
face defined by the zero-level set f(p) = 0. RDF employs an iterative algorithm initialized with
po = p, and updates given by:

o Vf(pn) 3.69
Pn+1 = Pn D‘nva(pn)H, (3.69)

where «, is the step size. The iteration stops once |f(p,)| < e. This yields the projected point
p = pn, which is guaranteed to be orthogonal to the surface. This operation is crucial both
for geometric analysis and for defining contact points in robotics. Results of the projection are
shown in Fig. 3.19, where the projection of random points onto the surface of two Panda robot
links is visualized. The colored segments represent the local descent direction of the sampled
points, demonstrating how the algorithm converges to the surface in just a few iterations.
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(a) Dual-Panda configuration #1 (base placement and (b) Dual-Panda configuration #2 (base placement and
joint configuration). joint configuration).

Figure 3.19. Visualization of the projection step used to map sampled points to the SDF zero level set in
a dual-Panda setup. For each link, points are initialized randomly in the workspace and updated via
gradient descent; colored segments depict the link-local descent direction of a random sampled point.
Using the SDF value as an adaptive step size is sufficient for fast convergence in 1-2 iterations.

3.3.9 Batch RDF for GPU Acceleration
Vectorized evaluation.

To apply this to all links and all points at once, we stack the data into tensors. Let py € RM*3 be
the M query points expressed in the local frame of link k. For each link, the Bernstein basis is
evaluated in parallel at all M points:

¥ (pra)
P, = : e RM*N, (3.70)

¥ (pem)

and the corresponding SDF values are obtained by f; = ®; wy, € RM.
Stacking across all links yields the global tensors ® € RE*M*N W ¢ REXN,
and the complete evaluation reduces to a single tensor contraction:

F=(®,W)y € RFM (3.71)

where F;; is the signed distance of point j with respect to link i.

Gradients.

If gradients are required, the same structure holds by replacing ® with its derivative tensor:

VF = (VO,W)y € RLXM<3 (3.72)

Multi configurations.

The formulation of Eq. (3.29) naturally extends to multiple robot configurations in a vectorized
fashion. Let g1, . .., qc denote C joint configurations and

Ti(q) € SE(3), i=1,...,L, c=1,...,C,
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Table 3.6. Computational performance comparison between spherical and ellipsoidal projection
methods for different numbers of query points N generated randomly. Errors are reported as maximum
and mean absolute deviations from the dataset SDF values, averaged over 1000 runs.

Spherical Projection Ellipsoidal Projection
Nooi Speedu
points P P
Error [m] Time [ms] Error [m] Time [ms]
Max Mean Max Mean
Bernstein basis: 83
102 3.45x1072 1.35x 102 0.47 250 x 1072 1.13 x 1072 1.59 3.4x
103 3.74x 1073 2.36 x 1072 0.47 210 x 1072 1.78 x 102 1.54 3.3%
104 370x 1073 2.32x 1072 0.48 2.03 %1072 223 x 1072 1.63 3.4x
106 5.69 x 1073 2.29 x 102 0.49 401 %1072 271 x1072 33.64 69 x
Bernstein basis: 16°
102 245x1072 1.55x 1072 0.46 2.80x 1072 1.28 x 1072 1.52 3.3x%
10° 367 x1072 218 x 1072 0.47 3.07x 1072 1.73 x 1072 1.64 1.0x
10 5.02x1072 2.02 x 102 1.66 460 x 1072 3.79 x 102 2.08 1.8x%
106 X X X X X X X (OOM)

be the forward kinematics of link i at configuration g.. Given P query points {p1,...,pp} in
world coordinates, each point is mapped into the local frame of every link and configuration:

. 1
piej = (Tae))  py (3.73)
The resulting tensor has shape (C, L, P, 3), where each entry corresponds to one query point
expressed in the local coordinates of a specific link at a specific configuration. This vectorized
formulation allows all transformations and evaluations to be carried out in parallel on GPU,
enabling efficient multi-link, multi-configuration distance queries.
The resulting tensor is reshaped into (L, C-P,3), allowing all links, all configurations, and
all query points to be evaluated in a single batched call to Eq. (3.71) and Eq. (3.72).

Padding

Note that each robot link’s SDF can be modeled with a basis of varying resolution, allowing the
complexity of the representation to be adapted to the geometry of each link. For instance, while
some links of the Panda manipulator can be accurately described with eight basis functions per
dimension, others require twelve to capture finer details. To make this approach practical for
implementation on parallel hardware, zero-padding is adopted by extending smaller weight

vectors w; to match the dimensionality of the largest basis Nﬁighest. Formally, each padded

Wi

3
weight vector is defined as: @; = [0 ] € RMuighest where Nhighest = max;(N;) is the

(N;
largest number of basis functions per link.

This padding preserves the original SDF evaluation since the zero-extended components do
not affect the result: ¥ (p)@; = ¥ (p)w; + ¢(p) 0 = f(p) where ¢(p) € RVisnes ™ s the basis
extension evaluated at the point of padding.

N3)

ighest  *Vi

3.3.10 Results

The results in Table 3.6 emphasize the trade-off between accuracy and computational efficiency
when extending SDFs via spherical or ellipsoidal projection. The spherical projection exhibits
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higher numerical stability and significantly lower execution times, making it preferable for real-
time control or online distance evaluation. In contrast, the ellipsoidal projection provides im-
proved geometric fidelity—particularly for anisotropic or elongated shapes—since the fitted
ellipsoid more closely approximates the true boundary of each link’s training domain. How-
ever, this comes at a substantial computational cost that scales unfavorably with the number of
query points N. For large-scale evaluations (N > 10°), the ellipsoidal method becomes imprac-
tical due to GPU memory saturation (Out of Memory OOM), as indicated by the X entries for
N = 10° in Table 3.6.

From a control perspective, the projection method should therefore be selected based on the
operating regime: for dense or high-frequency distance evaluations, the spherical formulation
is more stable and computationally sustainable, whereas the ellipsoidal variant is better suited
for offline optimization or high-precision modeling tasks.

The increase in the Bernstein basis resolution from 8 to 16% yields a modest reduction in
both mean and maximum SDF errors, confirming that higher-order polynomial bases capture
finer surface details. Nonetheless, the associated computational burden grows rapidly with N,
due to the cubic scaling of the basis evaluation. As a result, high-resolution Bernstein models
are beneficial primarily for low-dimensional queries or precomputed field maps, whereas for
online applications, lower-order bases achieve a better balance between accuracy and speed.

Finally, it should be noted that the reference SDF dataset was generated using a mesh-based
sampling procedure (mesh-to-sdf), which may not fully handle non-watertight or imperfect
geometries. Such artifacts can introduce localized inconsistencies in the ground-truth distances,
occasionally producing outlier errors. These are effectively attenuated by the recursive Kalman-
based weight update strategy, which filters local noise and enforces smoothness in the recon-
structed distance field.

Robot Distance Function vs other methods

The experiments and results are conducted on a system equipped with an Intel Core i7-12700H
(12th generation, 2.7 GHz) processor and an NVIDIA GeForce RTX 4060 Ti GPU. It is worth
mentioning that, to obtain reliable results, the quality of the input mesh plays a fundamental
role. Notably, the dataset proposed in [74] does not robustly handle non-watertight meshes, of-
ten leading to poor sampling quality near topological defects such as holes or gaps. To address
this issue, in this work all the meshes are preprocessed using the open-source library PyMeshFix
[4], which automatically fills holes and repairs topological inconsistencies. To show the perfor-
mance of the proposed method, we use the Franka Emika Panda robot as a benchmark, along
with a table used as collision object in pick and place actions.

Sphere Approximation Robot SDF + Table Points

Meshes |
Cioud |

Figure 3.20. Comparison of surface approximation techniques for collision avoidance: Point-to-Point,
Sphere-to-Sphere, Sphere-to-Voxel, and RDF-to-Point representations.

In Tab.3.7 this is explicitly marked as Ref. For completeness, we also report lower resolution
point to point variants to complete the ablation study, to quantify the accuracy of the proposed
method. In Tab. 3.7, the column Robot/Table surface approx reports the surface approximation
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Table 3.7. Performance comparison of collision detection methods at different resolution levels (Low /
Medium / High). Reported metrics: mean absolute error (MAE), standard deviation, both referenced to
the point-to-point Chamfer distance baseline (first row), and average execution time.

Method Robot/Table MAE [mm] Std [mm] Time [ms]
L: 2700/500 (Pts/Pts) 23 15 0.9
Point-to-Point M: 9000/1000 (Pts/Pts) 11 12 1.8
H: 22500/1500 (Pts/Pts) Ref. Ref. 10.9
L:9/500 (Sph/Pts) 47 30 0.4
Sphere-to-Point [3] M: 45/1000 (Sph/Pts) 10 7 1.8
H: 90/1500 (Sph/Pts) 6 5 52
L:9/18 (Sph/Sph) 105 32 0.1
Sphere-to-Sphere [11] M: 45/36 (Sph/Sph) 34 11 1.1
H:90/72 (Sph/Sph) 21 1 29
L:9/61 (Sph/Vox) 131 39 0.3
Sphere-to-Voxel [6] M: 45/2284 (Sph/Vox) 22 10 2.8
H: 90/19355 (Sph/Vox) 19 17 32.6
L:9/500 (Seg/Pts) 57 50 31.1
Segment-to-Point [96] M: 9/1000 (Seg/Pts) 52 43 32.0
H: 9/1500 (Seg/Pts) 50 51 32.6
L: 8/500 (NFunc/Pts) 8 2 0.5
RDEF-to-Point [55] M: 12/1000 (NFunc/Pts) 6 1 1.1
H: 16/1500 (NFunc/Pts) 4 1 1.9

the number of surface primitives used to approximate the robot and the table surfaces, respec-
tively. Depending on the method, these primitives are points, voxels, spheres, or segments,
as shown in Fig. 3.20. The results highlight a clear trade off between computational cost and
accuracy for discrete methods, such as point-, voxel- and sphere-based representations. These
approaches require increasingly fine discretizations to maintain accuracy, which significantly
raises computational load. Although accurate at high resolution, such methods scale poorly,
limiting their applicability in real-time settings. By contrast, the RDF based approach leverages
a continuous implicit surface model, providing stable and accurate distance estimates already
at relatively low discretization, resulting in a more favorable accuracy and runtime balance.

Limitations on Multi-Configuration Evaluation

One of the principal computational bottlenecks of the Bernstein-based RDF representation arises
from the three-dimensional tensor product of univariate bases. For a polynomial order N, the
number of basis functions grows cubically as N3, implying that the weight tensor W of each
link has dimension RN*N*N_ Both memory usage and computational cost of the SDF evalua-
tion therefore scale as O(N?), which quickly becomes prohibitive for high-resolution models or
dense spatial sampling.

This issue is further amplified in the case of multi-configuration batch evaluation, where
the same computation must be repeated for multiple robot states and query points. In this
context, the total tensor size scales as

O(C x L x PxN®),

where C is the number of robot configurations, L the number of links, and P the number of
query points. Consequently, both the memory footprint and the computational load grow
rapidly with the basis resolution N and with the number of evaluated configurations.
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In practice, this leads to severe throughput and memory bottlenecks on GPU hardware. For
instance, with the current setup on an NVIDIA RTX 4060 Ti, the feasible batch size is limited
to 8-basis functions approximately 40 robot configurations, each evaluated on 40 query points
per link, plus about 100 environment points for collision checking. Beyond these limits, GPU
memory saturation and kernel dispatch overheads cause significant slowdowns or execution
failures, highlighting the necessity of low-rank tensor approximations such as the CP model
introduced in Sec. 3.3.11.

3.3.11 Low-Rank Tensor Decomposition of RDF

Recall of the Bernstein tensor form. Starting from Eq. (3.30), the 3D Bernstein basis at point
p= (Px, Py, pz) can be written as

F(p) = Dx(px) © By (py) © D=(p:) € RN (3.74)
Therefore, the same scalar field is equivalently expressed as

N
fp)=Y"(p)w= Y winei(px) $i(py) Pr(p:). (3.75)

ijk=1

Equation (3.75) makes explicit that the couplings among the three coordinates are fully encoded
in the coefficient tensor w.

CP decomposition of the weight tensor. To reduce the cubic complexity of Eq. (3.75), we
approximate w with a rank-R CANDECOMP /PARAFAC model:

R
W~ Wep = Ay b, ®cy, (3.76)
=1

r

where a,,b,,¢c, € RN and A, € R.
Substituting Eq. (3.76) into Eq. (3.75), and using

(x@y) (u®v) = (x"u)(y'v), (3.77)

we obtain the separable CP form

fer(p) = ém (®x(pe)Tar) (@4(py)T0r) (@=(p2)Ter ). (378)

The approximation error is bounded by

If — fepllz < [[Fl2 [|lw — wep|[F- (3.79)

Hence, if the CP approximation is accurate in Frobenius norm, the induced SDF error is also
controlled.

As a result, computational complexity drops from O(N?) to O(R N), while the memory
footprint reduces from N° to 3RN.

Matrix form over sampled points. Let

A=1ay...ag], B=[by...bg], C=1c1...cr], A=(Ay,...,AR)".
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Given P sampled points {(Xg,yg,Zg)}gzl, and basis-evaluation matrices &, ®,, @, € RN*P
Eq. (3.78) becomes

for = (@] 4)® (@] B) o (®IC)) A, (3.80)

where © denotes the Hadamard (element-wise) product between matrices of equal size.
The gradient of the CP-approximated SDF can be derived analytically from CP-decomposition
by differentiating the separable terms along each coordinate:

Ay (qjgc(Px)T“r) (q)y(Py)Tbr) (q)Z(PZ)TCr)

1=

1

‘
Il

(3.81)

<
-
=

I
™=

Ar (CDX(Px)Tar) (qD/y(Py)Tbr) (CI)Z(PZ)TCV)

1 dmax - dmin

r (CDX(Px)T“r) (q)y(Py)Tbr) (q),/z(PZ)TCr)

Lr=1 A

N
Il

1=
>

This expression yields the analytical gradient of the Bernstein field under CP decomposition,
maintaining full differentiability and linear computational scaling with respect to the rank R.

Intuitive interpretation. Each rank-one component r can be interpreted as a separable mode
capturing a dominant geometric pattern of the SDFE. The vectors a,, b, and ¢, describe how this
mode varies along each coordinate axis, while the scalar A, quantifies its relative importance.
Hence, the CP model can be seen as learning a small number of “principal geometric modes”
that reconstruct the entire 3D shape as a sum of separable interactions. This intuition connects
the Bernstein—-CP model to the concept of modal decomposition in structural mechanics or to
principal component analysis (PCA) in statistics, but extended to third-order tensors.

Numerical and practical considerations. The proposed learning scheme estimates the Bern-
stein coefficients directly from SDF samples through a recursive regularized least-squares (RLS)
update, which can be interpreted as an online variant of the Alternating Least Squares (ALS)
minimization of the squared reconstruction error. This adaptive filtering process yields a smooth
and noise-suppressed weight tensor w, representing the projection of the original SDF dataset
onto the Bernstein polynomial space.

Once w is obtained, the tensor decomposition can be performed directly on it:

R
min |w—Y Aa, @b, @3 3.82
(i | ; rar @by @cr||F (3.82)

This formulation is equivalent, in representational power, to applying a low-rank factorization
on the original dataset, since w fully encodes the mapping between spatial coordinates and field
values. However, it is numerically more robust: w lies in a compact, orthogonal polynomial ba-
sis, and the decomposition acts on smooth, denoised coefficients rather than raw and potentially
irregular SDF samples. Consequently, the CP factors {4y, b,, ¢} can be identified more reliably,
and moderate ranks R € [5,64] already achieve reconstruction errors below 10~2 with a 2-3x
reduction in evaluation time.

Results. The results in Table 3.8 highlight the trade-off between accuracy and computational
efficiency introduced by the CP decomposition of the Bernstein weight tensor. Lower ranks
(R < 10) yield significant speedups (up to 2.4 x) at the cost of a moderate increase in approxi-
mation error, whereas higher ranks progressively recover the original SDF precision. The eval-
uation time remains almost constant due to GPU parallelization overhead, indicating that the
complexity reduction mainly benefits memory usage and scalability to larger batches.
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Table 3.8. Comparison between the baseline SDF evaluation and the CP-decomposed version for
different tensor ranks R. Reported metrics include the mean and maximum reconstruction error of the
distance field, and the corresponding speedup with respect to the full Bernstein model. 2000 random
query points are evaluated per link.

Rank Mean Error Max Error  Speedup

5 39616 x 1072 1.2964 x 107! 2.24
10 4.1725x 1072 80760 x 1072 241
16  5.6570 x 1073 2.0381 x 102 1.98
32 75828 x107° 3.4434x10%  1.84

At this stage, no automatic criterion for selecting the optimal CP rank has been implemented.
The rank R is manually chosen as a trade-off between reconstruction accuracy and computa-
tional cost. Future work will address adaptive rank selection based on the tensor spectral decay
or cross-validation on the SDF training set.

Although the current implementation applies the CP decomposition at the single-link level,
the same principle naturally generalizes to the multi-link, multi-configuration RDF formulation
of Sec. 3.3.9.

3.4 Robot Maps

Understanding how a robot can act within its workspace requires a unified description of its
kinematic structure, geometric constraints, and interaction capabilities. Rather than treating
these elements as independent, it is increasingly beneficial to represent them within a common
spatial framework — the so-called capability maps [102]. Such maps encode where and how
a robot can operate, capturing reachability[102, 61], manipulability[92], and collision informa-
tion [98] across the workspace. They have proven fundamental for trajectory planning, base
placement, and autonomous decision-making, especially in unstructured environments where
adaptability and robustness are critical [49, 103].

The integration of detailed robot models, including link geometries, joint limits, and mesh-
based representations, allows these maps to go beyond purely kinematic descriptions. By com-
bining analytical kinematics with geometric reasoning, one can construct continuous represen-
tations of reach and dexterity while explicitly accounting for physical constraints. In this work,
reachability maps are generated through large-scale inverse-kinematics sampling, from which
manipulability indices are derived via Jacobian analysis. Collision regions are then identified
using RDFs (discussed in Sec.3.3), which provide differentiable estimates of proximity between
the robot and the environment.

In this chapter, inspired by the work of [61], we improve and extend existing methods for
generating capability maps. In particular, we describe in detail the process of generating such
maps, focusing on the computational aspects required to obtain an accurate and usable model
via parallelized algorithms on GPU.

3.4.1 Workspace Discretization

The first step consists in delimiting the operational volume of the robot and subdividing it
into voxels. Given a bounding box centered at the robot base, a three dimensional grid with
resolution r is applied:

V={v|i=1,...,N}, N=¢

where each voxel v; represents a cubic cell of side Ax.
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Figure 3.21. Voxelization of the workspace with internal spheres.

Orientation Sampling

As shown in Fig.3.21, for each voxel, a virtual sphere of radius equal to half the voxel size is
placed at the voxel center. On the surface of this sphere, Np points are generated in order to
approximate a uniform coverage of possible orientations of the end-effector’s z—axis.

A common strategy is to employ the Fibonacci spiral, which produces a quasi—uniform point
distribution over the unit sphere, results are shown in Fig.3.22.

¢ = arccos (1 — Z(k;\?ifSU ,
0 = (14 /5)k,

Each pair (¢, 6 ) defines a point in spherical coordinates, which is then mapped to Cartesian
coordinates (xy, Yk, zx). The resulting set of vectors corresponds to candidate directions of the
local z—axis of the end-effector.

Since an orientation in SO(3) is not uniquely determined by the z—axis direction alone, mul-
tiple in—plane rotations around this axis are applied. By discretizing the roll angle into Ny
values, the method produces a set of candidate end-effector poses p € SE(3) for each voxel.

k=0,...,Np—1. (3.83)

Figure 3.22. Spherical sampling of orientations using Fibonacci spiral.

3.4.2 Inverse Kinematics Problem

The orientations obtained from the sampling process, described in Sec.3.4.1, must be shifted to
the voxel location described in Sec.3.4.1. That is, the sphere is centered at the voxel center c,
and all sampled points are translated accordingly. Each voxel is thus associated with a discrete



3.4. Robot Maps 91

set of candidate end-effector poses, obtained by combining the sampled orientations with the
voxel center translation. Formally, the discretization yields a finite set of poses

P. = {pi = (R;,t;) € SE(3) | R; € SO(3), t; = c }"1%,

where Np is the number of sampled z-axis directions and N the number of roll discretiza-
tions.

Given the set P,, the inverse kinematics problem consists in verifying, for each candidate
pose pi = (R;, t;), whether there exists a joint configuration g € R” such that the forward
kinematics satisfies

T(q) = [Iéi tll] (3.84)

The solution of the Inverse Kinematics (IK) problem may yield zero, one or several valid
configurations.

Batch IK Solving

Since the discretization procedure generates a large number of candidate poses, evaluating the
inverse kinematics for each element of P, becomes computationally demanding. To address
this issue, we exploit the parallel computing capabilities of modern GPUs by processing poses

in batches. Rather than evaluating the entire set P at once, a user-guided subset Pc(b) C P.is
selected and passed to the inverse_batch routine:

Pc(b) =A{Pivs Py Pig }, B < NpNg,

where B is the batch size. Each pose pj; is mapped to its homogeneous transformation Tj,
and processed simultaneously on the GPU. For each pose p;, the IK equations yield up to K
candidate joint configurations {g;x }X_,. The total number of candidates K depends on the ma-
nipulator’s kinematic structure; for a 6-DOF arm, up to 8 solutions may exist due to multiple
joint configurations leading to the same end-effector pose. The total number of batch solutions
is therefore B - K and will be identified as Q5 | € R *K>Noins,

The inverse kinematics solver is based on the C++ code automatically generated by IKFast,
which we translated into PyTorch to enable efficient tensor operations. Since, within a batch,
not all candidate poses correspond to valid solutions, a logical mask M; € {0,1}X is applied

for batching computation such that

1 if g, satisfies all feasibility constraints,
M= (3.85)
0 otherwise.

The feasibility constraints include:

_ lps)? — a3 — a3

2(12113

Geometric validity: |c3] <1, ¢

Numerical stability: |f(q;x)| > € = reject, (3.86)

Joint limits: gmin < §ik < Gmax-
The final set of admissible configurations for pose p; is therefore
Q; = {qi,k | Mz’,k =1 }.Vi =1,...,NpNg.

A pose is said to be reachable if at least one valid configuration exists.
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3.4.3 Maps

The discretization procedure previously described and the subsequent inverse kinematics eval-
uation provide, for each voxel, a set of sampled configurations Q;. Aggregating this information

over the entire workspace allows the construction of robot maps, which encode structural prop-
erties of the manipulator at the joint level.

Reachability Map
For each sphere associated with a voxel, a reachability index Dj, is defined:

Ry
D= ———— -100% 3.87
K= Np-Nx (3.87)

where Ry is the number of reachable poses among those sampled, Np is the number of
poses sampled on the sphere and Ny is the number of roll discretizations. The index Dy is then
stored in the map. Visualization is commonly performed using color coding, yielding a three—
dimensional heatmap of the workspace. The reachability map assigns to each voxel the index
Dy defined above, i.e. the ratio of reachable poses within the sampled set.

In addition to Dy, a boolean reachability index By can be defined:

1 ifdp, € P.: ) =1,
B, — pi € Pe:p(pi) (3.88)
0 otherwise.
Here, By = 1 marks voxels with at least one feasible pose, whereas By = 0 denotes unreach-

able voxels. Thus, Dy measures the density of reachable poses, while By provides a coarse but
cheaper reachability descriptor.
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(a) Complete reachability map of a 6-DOF (b) Cutted Reachability map of a 6-DOF manipulator.
manipulator. Here we can see more in detail the distribution of the
reachability index in a local voxel.
Manipulability Map

Following the results presented in [94] and [93], we adopt the parallelized Product of Exponentials
(POE) formulation to compute the performance index of the manipulator at each voxel. Given
the screw axes {S;}"_; and the home configuration H € SE(3) and given a batch QF | inside a

sols
reachable voxel rewritten in the form {g(®) }B |, the forward kinematics is computed as
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n
T®) = TTexp([S]9"”)H, b=1,...,B. (3.89)
i=1
and the corresponding body Jacobian is

]lgb) — Ad(T(b))fl [S], Ade[sl]ng) Sy, ..., Ad )Sn ] . (390)

b
Ve

For each batch element, the Yoshikawa manipulability index is computed as

m® = \/ det( 79 ;;%). (3.91)

In analogy with the reachability map, composed by reachability indeces, the manipulabil-
ity manipulability index is obtained by associating to each voxel v the average index over its
feasible joint configurations Qj:

M= Y m®. (3.92)
q(h) €9y
where | Q| is the cardinality of the valid solution in the k-th voxel.

The collection { My} thus extends the reachability map into a manipulability-map representa-
tion of the workspace and is shown in Fig.3.24.

Figure 3.24. Manipulability map of a 6-DOF manipulator.

Collision Map

To account for environmental obstacles, a collision map is constructed by evaluating the prox-
imity of the robot to surrounding objects using RDFs as described in Sec.3.3. For each joint
configuration Qj associated with voxel g, the minimum distance between the robot links and
the environment is computed using the method descibed in Sec.3.3.9 that allows to evaluate
multiple joint configurations in a single batch. To handle collisions, a threshold distance dyresh
is defined. A single configuration qy is then classified as in collision if any query point (on the
robot body or sampled in the workspace) satisfies

fr(pj,qk) <e. (3.93)
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o

(a) Self Collision map of a 6-DOF manipulator, it can (b) Environment Collision map of a 6-DOF
be noticed that in a voxel some configurations are in manipulator in presence of an obstacle. Some
collision while others are not. configurations are in collision while others are not.

Figure 3.25. Collision maps representing the fraction of collision-free configurations per voxel.

Then, a collision index Cy for voxel vy is defined as the ratio of collision-free configurations to
the total number of configurations evaluated:

1 ifVp;: i > €,
ckzi y pj: fr(pj ax) (3.94)

‘Qk‘qugk 0 otherwise.

This index Ci thus quantifies the safety of the robot’s operation within voxel vy, with higher
values indicating a lower likelihood of collision.

As can be seen in Fig.3.25, the collision maps handles both self-collisions (Fig.3.25a) and col-
lisions with external obstacles (Fig.3.25b), providing a representation of collision risks through-
out the robot’s workspace.

3.4.4 Database Architecture

The capability analysis described in the previous sections produces a large amount of structured
data: for each robot configuration, thousands of sampled poses, inverse kinematics solutions,
and associated performance indices are generated. To manage this information in a consistent,
queryable, and reusable way, a dedicated relational database has been designed. Its structure,
illustrated in Fig. 3.26, organizes the data hierarchically, reflecting the geometric and kinematic
decomposition of the robot workspace.

At the highest level, the Robot entity defines a specific manipulator, characterized by its
degrees of freedom, kinematic parameters, and workspace boundaries. Each robot is associated
with a unique reachability map, which discretizes the workspace into cubic cells called voxels.
Each voxel represents a local region of the workspace and acts as a container for all poses that
can be sampled and evaluated within that region.

Around the center of every voxel, a set of Points is generated according to the spherical
sampling procedure described in Sec. 3.4.1. Each point corresponds to a specific pose of the
end-effector, defined by position and orientation, and carries a binary reachability flag indi-
cating whether a valid inverse kinematics solution exists. This geometric layer, composed of
robots, voxels, and points, provides a normalized and reusable representation of the workspace,
independent of the particular metrics or experiments later performed on it.

The next level of abstraction enriches each point with kinematic evaluations. For every fea-
sible configuration obtained from the inverse kinematics solver, a corresponding entry is stored



3.4. Robot Maps 95

in the IndexMap table. This table encapsulates per-solution performance metrics such as ma-
nipulability, reachability, and collision state. Each entry in IndexMap is then linked one-to-one
to a row in the JointValues table, which stores the actual joint configuration associated with
that evaluation. This separation between geometry and evaluation is intentional: it allows the
same geometric dataset to be reanalyzed or reinterpreted without recomputing the entire map.
For example, if new metrics or environmental conditions are introduced, only the entries of
IndexMap need to be updated, while the underlying voxel and point structure remains un-
changed.

Such a design transforms the database from a static storage system into a dynamic analytical
tool. By exploiting SQL queries and relational integrity, one can efficiently filter, aggregate,
and compare results across different robots, configurations, or experimental conditions. The
model also supports differential analyses, for instance, comparing manipulability distributions
between two manipulators within the same workspace discretization, or identifying regions
where collision risk dominates reachability. This relational structure ensures data consistency
through foreign key constraints and enables selective loading of relevant subsets into memory
for GPU-based post-processing.

In summary, the database provides a scalable and logically consistent foundation for repre-
senting robotic capability maps. It bridges the geometric domain of workspace discretization
with the analytical domain of kinematic and dynamic evaluation, enabling reproducible and
extensible studies on robot reachability, manipulability, and collision behavior.

Robot
robot_id PK
name UNIQUE
dof

workspace_size

1:N
Y
Voxel
voxel_id PK
robot_id FK — Robot.robot_id

center_x, center_y, center_z  UNIQUE per robot
reachability_index

1:N
Y
Point IndexMap
point_id PK config_id PK
voxel_id FK — Voxel.voxel_id 1:N | point_id FK — Point.point_id
X, Y, Z 7| manipulability
roll, pitch, yaw in_collision
reachable reachability

JointValues_<DOF>
config_id PK, FK — IndexMap.config_id
ql.gN  INTEGER (scaled)

Figure 3.26. Updated database schema with Robot, Voxel, Point, IndexMap, and JointValues tables.
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Table 3.9. Benchmark computation times for the UR5 manipulator (from [61]).

Computation time [min]

Method Robot Poses [x10°]

Reach Manipulability Collision
CoReMap (proposed) UR5 300 0.147 1.31 30.57
Diankov [18] UR5 123.513 371.38 X X
Reuleaux [61] URb5 7.636 143.27 X X
Zacharias [102] URb5 38.18 413.23 X X
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Figure 3.27. Batching comparison computation time. Higher sampling of mesh and sphere points
increases the memory occupied and reduce the number of the batches. Workspace is discretized in 20°
voxels

3.4.5 Results and Considerations
Benchmark Computation Times

To evaluate the performance of the proposed GPU-accelerated algorithms for generating reach-
ability, manipulability, and collision maps, a series of benchmarks were conducted using the
URS5 manipulator as reference platform.

In this stage of development, the analysis focuses exclusively on the computational aspects
of the proposed pipeline, without any physical execution on real robotic systems. The goal is
to quantify the performance of the GPU-based implementation, validate its correctness against
analytical expectations, and identify computational bottlenecks prior to real-world deployment.

For comparison, Table 3.9 reports computation times obtained from existing literature, no-
tably the Reuleaux framework [61], which processes approximately 763,600 poses for the UR5
robot (corresponding to about 5,017 sampled spheres and ~152 poses per sphere). In our cur-
rent implementation, this configuration corresponds to a voxel resolution of 30 and 28 sampled
points per sphere, evaluated in batches of 10,000 poses on the GPU.

In our measurements, the reachability computation required approximately 8.8 seconds
(0.147 minutes) per map, while the manipulability evaluation took about 78.6 seconds (1.31 min-
utes) using a batch size of 10,000. These results demonstrate a substantial reduction in compu-
tation time compared to CPU-based implementations reported in prior works, confirming the
efficiency and scalability of the proposed GPU-accelerated approach.

Batching limits in collision computations

As already introduced in Sec.3.3.10 collision-aware reachability maps require evaluating a very
large number of candidate configurations per voxel, especially when dense sampling is used.
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Figure 3.28. Workspace analysis summary.

As illustrated in Fig. 3.27, the batching behavior changes significantly depending on whether
collisions are considered.

Without collision checking, the GPU can process large batches efficiently, resulting in many
batches but very short computation times. When collisions are introduced, however, every
configuration must be tested against environment and self-collision constraints, which reduces
the feasible batch size (to avoid GPU OOM) and increases computation time.

Mathematically speaking, to check collisions each voxel requires up to Nsphere X Nsolutions X
Niinks X Neoni collision tests, which grow rapidly with sampling density.

Usage

At the current stage, the reachability maps generated through large—scale inverse kinematics
sampling should be interpreted as a statistical and computational distribution that encodes the lo-
cal density of reachable configurations within the workspace. Each voxel index represents how
“good” a region is in terms of feasible robot poses and can thus be used to guide path—planning
or workspace analysis. However, this metric provides a static and averaged view of the robot’s
reachability, and its real-time applicability remains limited. Indeed, as visible in Fig. 3.28a, a
voxel may exhibit a high reachability index and still include individual configurations that are
not actually feasible or may result in collisions, but this information is not captured in the av-
eraged index. For this reason, nowadays reachability maps are best suited for offline analyses,
such as workspace exploration, base placement, or initial path planning. In our context, saving
the branches of IK solutions allows to retrieve the actual configurations associated with each
voxel, enabling more detailed analyses when needed. Indded if neeed, after a statistical ap-
proach in Fig.3.28 the user can go into detail separating solutions per configuration, allowing to
retrieve which configuration is reachable Fig. 3.28c and /or which one is in collision in Fig.3.28b
and for sure knowing the manipulability index associated with each configuration.

To provide an intuitive example, we emulate a welding application and compare two robot
postures, as shown in Fig. 3.29: one that leads to collision (Fig. 3.29a) and one that remains
collision-free during task execution (Fig. 3.29b).



98 Chapter 3. From Computational Modeling to Real-World Transter
N E
E ~
(a) Welding configuration in collision (to avoid). (b) Collision-free welding configuration (desired).

Figure 3.29. Comparison of two welding postures: the robot must maintain the collision-free
configuration while executing the welding task.
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Chapter 4

Task Priority

Figure 4.1. Overview of the Task-Priority control framework for multi-robot systems.

Modern robotic systems increasingly combine heterogeneous embodiments, from fixed-base
manipulators to mobile and dual-arm platforms, requiring control architectures capable of man-
aging different kinematic structures under a unified and adaptive formulation. Although sev-
eral frameworks exist for robot control, most either focus on motion planning and trajectory
execution (e.g., Movelt [67]) or rely on static task hierarchies that do not react to intrinsic robot
limitations such as singularities, joint limits, or task conflicts. As a consequence, their applica-
bility to real-time, heterogeneous, or hybrid systems remains limited.

The library developed in this work provides a real-time Task-Priority (TP) control frame-
work that explicitly addresses these limitations while offering a unified abstraction for mobile
bases and manipulators within a single control layer and a common mathematical representa-
tion. Multiple tasks can be organized hierarchically, ensuring that high-priority objectives are
preserved while lower-priority ones adapt compatibly via null-space projection activation. The
framework reacts autonomously to configuration-dependent events (e.g., approaching singu-
larities or constraint violations), smoothly reconfiguring task priorities without discontinuities.

Designed to be modular, lightweight, and platform-agnostic, the library can interface with
any robotic system that provides joint position and velocity feedback. While it is particularly
suited for redundant robots, where the null-space can be exploited to optimize secondary objec-
tives, it also supports non-redundant manipulators (e.g., 6-DoF arms), with the inherent limita-
tion of task locking due to the absence of redundancy. This latter aspect, however, lies beyond
the scope of the present thesis.
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In summary, the proposed TP library constitutes a real-time, adaptive, and unified control
framework for both mobile and manipulator robots, bridging the gap between theoretical task-
priority control and its practical deployment on complex robotic systems.

4.1 Theoretical Introduction

We now illustrate step by step how the control formulation evolves from the basic differential
kinematics to the full Task-Priority framework with smooth task activation in the null-space.

4.1.1 Velocity tracking and regulation

Let n be the number of degrees of freedom (DoF) of the manipulator, and let m be the dimension
of the task space, such thatm < n. Letq = [q1,92, - - -, qn] T € R"be the joint configuration vector
and x € R™ the task-space variable. The Jacobian J(g) € R"*" describes the local mapping
between joint and task velocities:

x(t) = J(q)q(t)- 41)

The control objective is to compute the joint velocity 4 that best reproduces a desired task
velocity x;. This can be formulated as a least-squares problem:

min |2 — ()41 (42)
whose minimum-norm solution is obtained through the Moore-Penrose pseudoinverse:

g =7J"(q)%a (4.3)

To regulate the task state x towards a desired value x*, the velocity reference can be aug-
mented with a feedback term based on the task error ¥ = x* — x(t):

0 =J"(q) (x4 +KX), (4.4)

where K € R™*™ is a positive-definite gain matrix that ensures exponential convergence of the
task when it is kinematically feasible.

4.1.2 Redundancy and secondary tasks.

When the robot has more joints than strictly needed for the task m < n, the manipulator is
redundant and admits infinitely many joint velocity solutions.

Formally, since rank(J) < m, the null space of | has dimension n — rank(J) > n —m. All
joint velocities achieving the same task velocity live on an affine manifold: In this case, the
general solution can be written as in Eq. (4.5):

i = J"(9) (s + KX) + Nz, (4.5)

where N = I — '] is the null-space projector, and z can be used to encode secondary task
objectives. N is the orthogonal projector onto ker(]), and z € R" parametrizes the secondary
motion. Choosing z allows us to encode secondary objectives (e.g., joint-limit avoidance) without
disturbing the primary task.
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4.1.3 Task Priority.

The core idea of the Task-Priority (TP) framework is to recursively project lower-priority tasks
in the null space of higher-priority ones, thereby avoiding interference. Formally, the minimiza-
tion problem in Eq. (4.2) becomes:

min [|A (47 + K% — J(@)dm)11%, (4.6)
whose solution is:
§* = (A)'A(%s + KX) + Nz, (4.7)

with N =1 — (AJ)'AJ and A € R™*" being a diagonal activation matrix.

Task activation

Tasks may need to fade in/out depending on context (e.g., contact phases, safety margins), while
ensuring that the robot remains well-behaved near singularities. To achieve this, each task k is
associated with a diagonal activation matrix

Ax(sg) = diag(sx) € [0, 1],

whose diagonal entries sy = [Sk1, ..., Skm, ] T define the continuous activation level of the task
components. These activations weight the contribution of each constraint to the overall control
law, enabling smooth transitions between active and inactive phases.

Equality and inequality tasks. Both equality (ET) and inequality (IT) tasks can be expressed
within this activation framework.
For equality tasks (ET), the task must be always satisfied, which corresponds to full activa-
tion:
Ay = I, if active Ay = 0y, if inactive

For inequality tasks (IT), activation depends on the constraint margin:
Ak = diag(sk(x))
where each scalar activation s ;(x) € [0,1] encodes whether the corresponding inequality is

active (s ; ~ 1) or satisfied (sy; ~0).

Smooth activation law for inequality tasks. Each activation component sy ;(x) is computed
via a cosine-sigmoid function:

1, if x < xy,
(x = xy,)7T
_ cos| ——— 1
s(x, X, x5) = e (4.8)

th” “th th th frm <y < xt
> ro WXy S XS Xy,

: +

0, if x > xy,

where x; and x}, denote lower and upper activation thresholds, respectively. This function is
C!-continuous and ensures a smooth fading behavior between fully active and inactive regimes.

Finally, to maintain differentiability and numerical stability during task activation and de-
activation, we adopt the smooth projection framework proposed in [86].
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4.2 Unified Geometric Jacobians for Multi-Robot Systems

Before introducing the multi-robot Jacobian, this chapter formalizes the kinematics of common
robot subsystems and shows how to compose them into a single, global geometric Jacobian
suitable for task-priority control. In our framework, each robot is represented as one or more
repeated base—arm—gripper compositions, or by a subset thereof, while always preserving the
same ordering of subsystems. This convention ensures that the global Jacobian in Eq. (4.9) can
be constructed systematically and applied uniformly across heterogeneous robotic platforms.

Let the task twist be & € R® (linear and angular velocity of a chosen task frame in the world).
For a single robot assembled from a planar base, a serial arm, and optionally a gripper, we stack
the subsystems into a global geometric Jacobian:

qbase
X = Ubase Jarm ]grip} qarm . (49)

]global € IR6><n Terip

All Jacobian blocks are expressed in the same spatial frame (world) and at the same task point.

When extending to a N multi-robot system composed of mobile bases and/or serial arms,
and/or grippers, the same principle applies at a global scale. Let * € R®N denote the stacked
task twist, concatenating the spatial velocities of all task frames, and let 4 the vector that collect
all generalized velocities of the system. The global kinematic relation becomes

X = blkdlag (]global,lr ]global,2/ R ]global,N) q, (4.10)

]multi € IRéanm

where each local Jacobian block Jgigbali corresponds to the i-th robot and maps its internal
velocities to the spatial twist of its task frame, both expressed in the world reference frame.
This block-diagonal structure naturally decouples the differential kinematics of the individual
robots, while with proper adjustment allowing the subsequent task-priority control layers to
introduce coupling terms.

In compact form, the same model can be written as

X = Jmui(7) 4, (4.11)

with [ implicitly including all active subsystems (bases, manipulators, and grippers) and
serving as the unified interface for the higher-level task projector and control optimization lay-
ers.

The gripper is still not present in the current implementation, but the formulation is in-
cluded for completeness.

4.2.1 Base Jacobians: Differential vs. Omnidirectional

We model the mobile base as a planar system commanded by body-frame velocities. The
generic input is

v

Uy, = |0

w

LTRSS

where 0¥ and vi’, are linear velocities along the base-frame x and y axes, and w is the yaw rate.
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- For a differential-drive base, the nonholonomic constraint imposes v;b/ = 0. Hence the control

input is
diff — .
w

- For an omnidirectional base, lateral velocity is allowed, so the full input vector is

0
Uomni = | Uy | -

Let 6 be the base yaw, R,;(6) the world-from-base rotation about z, and let r, € R® be the
displacement from the base origin to the task point expressed in the base frame. Equivalently, r, =
Rybry is the same displacement expressed in the world frame. The 6 x 3 Jacobian block that

maps the body-frame input u;, = [vf’c vﬁ

=2TRS

g

Mobile Jacobians

-
w} to the spatial twist of the task point (expressed
in world) is

Rober Rybey wa(—[fb]sz)] (4.12)

Jeae(0,1p) = [ 0 0 E,

withe, = [1,0,0]7, e, = [0,1,0]", E; = [0,0,1] ", and [ - ] x the skew-symmetric operator. Equiv-
alently, using ry:

. Rybex Rybe, —[ry]<E;

JSa (0, 1) = 0 0 E, . (4.13)

In both forms, the third column encodes the lever arm: vl(i? =w(E; xr) = —w [r]«E:.

The task-point twist is then
X = JR% () up, % € R® (linear & angular in world). (4.14)
Differential-drive. Only v and w are available:
v?c v cart

uaigg = | S %= JGig (0,70) waits, (4.15)

taking inspiration from [16], for a mobile manipulator the Jacobian is obtained by selecting
columns 1 and 3 of Eq. (4.12) and then stacking it with the manipulator Jacobian if inversion is
applied:

Ruwbey Ryb(— [rp]<xE
Jer@ ) = (=Inl<B)| ¢ goez (4.16)
0 E,
Omnidirectional. All planar body velocities are available:
ot
Uomni = U; ’ X = g?;;i(ezrb) Uomnis (4-17)
w

with
Ruber Rybey, Ryb(—[rp)<E:)

0 0 E;

cart

omni(gl rb) = (4.18)
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Remarks. (i) All blocks are expressed at the same task point and in the world frame. (ii) E; in
the angular part is sufficient (for planar motion Ry,E, = E;). (iii) This mapping is kinematic;
feasibility of a 6-D task with a planar base requires redundancy (e.g., base+arm+gripper with
overall rank > 6). In the differential-drive case the base alone cannot span lateral velocity
instantaneously (vz = 0), so task realization relies on manipulator redundancy.

4.2.2 Serial manipulator (geometric Jacobian)

For the arm we used the standard geometric Jacobian formulation [85]. Consider an n-DOF
serial chain with joint variables 4. Let “p; be the position of joint i and “z; the unit axis, both in
world. The geometric Jacobian Jum(gq) € R®*" has columns

[wzi X (“pe —“pi)

] , ifjointiis revolute,
ZUZi

(4.19)

] arm,i W,
[ Z] , if joint 7 is prismatic.
0

This directly maps joint rates to the end-effector spatial twist: X = Jarm (7) 4.

4.3 Trajectory Generation

The need for a unified framework arises from the task—priority control architecture, where the
controller requires consistent reference signals regardless of the chosen trajectory type. For
this reason, a dedicated trajectory library has been designed. Its main goal is to abstract away
the differences between interpolation methods (polynomial, cubic spline, Bézier, trapezoidal,
circular, quaternion-based, etc.) and provide a common interface.

In particular, given a selected trajectory type, the framework automatically returns both
the reference position and the corresponding velocity, ensuring that these signals are always
available and mutually consistent. This uniform structure greatly simplifies the integration
within task-priority schemes, as the controller can rely on the same data format independently
of the underlying trajectory generator.

4.3.1 Position Trajectories
Linear Interpolation.

The simplest trajectory between two points is defined by a linear law:

t—t

pa— O J—
p(t) = po+ Lt (pr— o), (4.20)
with constant velocity
. Pfr—Po
p(t) = tf . (4.21)
f—to

Scaled Trajectory to Cartesian Trajectory

The scaled trajectory formalism allows the definition of motion profiles in a normalized scalar
domain, where a single parameter s(t) € [0,1] encodes the progression along a path. This
formulation separates the time law from the geometric path, enabling the reuse of the same
timing profile for different Cartesian trajectories.
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Figure 4.2. Example of a trapezoidal trajectory position and orientations(top) and linear and angular
velocity (bottom).

Scaled Trapezoidal Velocity Profile. The motion is divided into acceleration, constant veloc-
ity, and deceleration phases. The velocity law is

at, 0<t<t,
S(t) = 3 Ymaxs s <t < tf —tg, (4.22)
El(tf—t), tf—ta S tgtf,

and the position parameter s(t) is obtained by integration:
t
s(t) = / 5(1) dr. (4.23)
0

The parameters a and ¢, are chosen to guarantee a continuous velocity profile and that s(t) = 1

at the end of motion:
__ Umax

a=
ta

’ 1= vmax(tf - ta)- (4.24)

Scaled Asymmetric Trapezoidal Velocity Profile. Lets(t) € [0,1] parametrize motion along a
fixed path (e.g., 4(t) = qo +Aqs(t), Aq := q5 — o). With possibly different acceleration/deceleration
times t, # t;, define

ar 1= vmax a = vmax
1 tu , 1 » .
The velocity /acceleration laws are
Tmax 0<t<t
ta ’ — ar aT, 0 S t < ta,
S(t) = < Umax, t, <t < tf —tg, S(t) =<0, t, <t< tf —tg, (4-25)
vmax
(tf—t>, tf—tdgtgtf, —ai, tf—tdgtgtf.

tq
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Figure 4.3. Example of asymmetric trapezoidal trajectory position and orientations(top) and linear and
angular velocity (bottom).
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Figure 4.4. Example of a fifth-order polynomial trajectory position and orientations(top) and linear and
angular velocity (bottom).

Integrating with s(0) = 0 gives

Umax ,»
—t <t<t
tha 7 0 = < ar
s(t) = nzlaxta + Omax(t —ta), ta <t < tr—tq, (4.26)
Umax 2
1-— e —1)2, be—ty < t<tr
o, (r = t) f f
Closure and feasibility. Area under s must be 1:
1= g ot te:=ts —to — tg > 0 (constant-velocit t exists). (4.27
= Umax| ff — = ¢ :=ty —t; — 3 > 0 (constant-velocity segment exists). (4.27)

The symmetric case t, = t; is the special case 1 = Upmax(t = ta).
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Scaled Fifth-Order Polynomial Profile. To ensure smoothness and continuity up to the accel-
eration level, a fifth-order polynomial time law is used:

s(t) = ag + art + axt* + ast® + agt* + ast®, (4.28)

with velocity
§(t) = ay + 2at + 3ast® + dayt® + Sastt. (4.29)

The coefficients are obtained by imposing the six boundary conditions

<>=t1> $(to) =0, (> 0, (4.30)

which ensure C? continuity and smooth start-stop behavior.

From Scaled to Cartesian Trajectories. Once a smooth scalar profile s(t) is defined, it can be
mapped to any Cartesian motion between two points pp and py as

p(t) = po+s(t) (pr — po), (4.31)

with corresponding velocity
p(t) = s(t) (pr = po)- (4.32)
In this way, the geometric path remains linear in space, while the temporal evolution is dictated
by the chosen scaling law. This abstraction allows the same time-scaling profile to be reused for
arbitrary Cartesian directions or to modulate more complex trajectories parameterized by s(t).
Bezier and Spline Curves.
Bezier curves are expressed as a weighted sum of control points P;:
n t—t
i tr = to

(4.33)

where B; ,(T) are Bernstein polynomials. The corresponding velocity can be expressed analyti-
cally as

p(t Zan 1(T) (Pis1 — P), (4.34)

tf—to

which results directly from the derivative of the Bernstein basis functions.

Cubic Splines.

Spline interpolation allows to connect a sequence of waypoints while ensuring continuity of
position and derivatives. A cubic spline segment between two consecutive waypoints p; and
pi+1 is generally written as

pi(t) = a; +bi(t — ;) +ci(t — ;) + di(t — )%, t € [ti, tia], (4.35)

where the coefficients a;, b;, c;, d; are chosen to satisfy position and derivative constraints at the
boundaries. The velocity is directly obtained as

ﬁi(t) =b;+ ZCZ'(t - tz‘) + 3di(t - ti)z. (4.36)
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Figure 4.5. Example of a cubic spline trajectory position and orientations(top) and linear and angular
velocity (bottom). Orientation used is Slerp.

The spline coefficients a;, b;, c;, d; are computed by enforcing continuity of position, velocity, and
acceleration at the junctions between segments:

pi(ti1) = piy1(tiv1), pi(ti1) = piy1(tiv1), pitiv1) = piv1(tivr). (4.37)

This ensures a globally C? continuous trajectory.

Given as input a set of waypoints (and optionally boundary conditions on velocity or accel-
eration), the spline coefficients a;, b;, ¢;, d; are automatically computed so that the overall trajec-
tory is continuous in position and velocity across all segments.

4.3.2 Orientation Trajectories

In addition to position trajectories, the library provides dedicated tools for the generation of
smooth orientation trajectories. Rotations are represented with unit quaternions q € H, which
are free from singularities and discontinuities typical of Euler angles. Each interpolation method
produces both the interpolated quaternion g(t) and the corresponding angular velocity w(t),
obtained analytically or numerically from the time derivative.

Spherical Linear Interpolation (SLERP)

The simplest and most widely used method for quaternion interpolation is SLERP (Spherical
Linear intERPolation). Given two unit quaternions go and g3, the interpolation is defined as

_sin((1—-1)80) sin(76) t—to

9(t) = sin(0) 0t sin(0) neT= tr—to’

(4.38)

where 6 = arccos(qo - q1) is the angle between the two quaternions. The angular velocity is
obtained from the quaternion logarithmic map:

w(t) = 21m<q(t) q’l(t)) , (4.39)

where Im(-) denotes the vector (imaginary) part of a quaternion. This definition guarantees
that w(t) € so(3).



4.3. Trajectory Generation 109

De Casteljau Algorithm

For more complex trajectories passing through multiple waypoints, the library implements a
quaternion-based version of the De Casteljau algorithm. This method generalizes Bézier inter-
polation to the unit quaternion space by recursively applying SLERP between control quater-
nions until a single interpolated quaternion is obtained.

Given a segment with control quaternions {qo, 41,92, 43}, the interpolation proceeds as

g (7) = slerp (4" V(z), g5V (1), 1), (4.40)

where T € [0, 1] is the normalized parameter, and the recursion continues until only one quater-
nion remains:

q(t) = )" (7). (4.41)

This final quaternion g(7) represents the interpolated orientation at the desired time instant.

To compute the angular velocity, the interpolated orientation is differentiated. This is achieved
by evaluating neighboring quaternions and projecting the result onto the Lie algebra so(3)
through the quaternion logarithmic map:

w(t) ~ iLog(q(t—i—At) q*l(t)), (4.42)

The quaternion logarithmic map is defined as

Log(q) = — 2 arccos(qw), q = [qw, u] € H, ||u|| = sin(0), (4.43)

u
il

which maps the quaternion increment to the corresponding rotation vector in so(3).

Kochanek-Bartels Splines

To better control the shape of the rotational trajectory, the library also supports Kochanek-
Bartels splines. This method introduces three shaping parameters:

T (Tension), C (Continuity), B (Bias),

which allow the user to tune the “tightness” of the curve, the smoothness of tangent continuity,
and the asymmetry of the interpolation.

The spline is constructed by generating additional control quaternions from the original
waypoints and the chosen TCB parameters. The resulting sequence of control points is then in-
terpolated using the De Casteljau algorithm as described above, producing smooth quaternion
trajectories with continuous first derivatives.

As for the De Casteljau scheme, the corresponding angular velocity is obtained by mapping
consecutive orientations to the tangent space as in Eq. (4.42); this ensures C! continuity and
smooth angular velocity profiles along the trajectory. Since quaternions do not form a vector
space under subtraction, the tangent is computed in the log-mapped tangent space. Let ¢; de-
note the corresponding rotation vectors; then the tangent at each waypoint can be computed
as
(1-T)1+C)(1+B)

2

(1-T)1-C)(1—B)

T, =
! 2

(Gi —Ci—1) + (Giv1 —Ci), (4.44)

4.3.3 Handling of Position and Orientation with velocities

Each trajectory setup method in the wrapper takes as input both the position p € R> and the
orientation of the end-effector, expressed in roll-pitch-yaw or quaternion form.
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Figure 4.6. Example of a Bezier trajectory position (right) and (left) Kochanek-Bartels interpolation for
orientation.

Internally, the wrapper automatically separates the two components:

¢ Position: managed by interpolation methods such as polynomial profiles, cubic splines,
trapezoidal laws, Bézier curves or circular arcs. These return position p(t) and linear
velocity p(t).

¢ Orientation: handled through quaternion-based interpolation (e.g., SLERP, De Casteljau,
Kochanek-Bartels). These return the interpolated quaternion q(¢) and the angular velocity
w(t), computed consistently in so(3).

The two parts are then combined into a single trajectory description

T(t) = (p(t), p(t), (1), w(t)),

which provides the complete kinematic state required by the end-effector controller.

To make the selection of the trajectory type straightforward, the wrapper exposes specific
set methods such as .poly5(), .cubic_spline(), .bezier(), .trapezoidal(),and .circular().
Each of these methods automatically configures the appropriate interpolation for position and
orientation, ensuring that the controller always receives coherent references.

This design hides the complexity of handling different spaces (R? for translations and H for
rotations) while offering the user a uniform and intuitive interface for trajectory generation.

4.3.4 Cache for Real-Time Execution.

To further improve efficiency, the library implements a caching mechanism. Whenever the tra-
jectory is evaluated at a given time ¢, the corresponding state (position, velocity, acceleration,
orientation, angular velocity) is stored and can be retrieved later with negligible cost. The cache
keys are quantized using an expected jitter tolerance, so that repeated queries with slightly
different timestamps still map to the same stored value:

t
k(t) = round(M> Atjiteer- (4.45)
]1 er

An adaptive strategy is also available: the library continuously monitors the sampling inter-
vals and automatically adjusts the jitter tolerance Atjiier based on the observed variability. This
ensures robustness to real-time scheduling noise while keeping the cache efficient. In practice,



4.4. Tasks used in Task-Priority Library 111

Trajectary poly5 - 3D
— Trajectary
@ Start
m B

Figure 4.7. Built-in trajectory visualization tool.

this mechanism significantly reduces redundant computations, making the trajectory generator
suitable for high or low-frequency control loops.

Visualization Tool

To facilitate debugging and analysis, the library includes a built-in visualization tool. Fig.4.2,4.3,
44,45, and 4.6 show some examples of the generated trajectories. These figures are taken di-
rectly from the visualization tool. This tool can plot the generated trajectories in both position
and orientation spaces, allowing users to visually inspect the smoothness and correctness of the
interpolations. It supports also the interactive visualization of position and orientation trajec-
tories over time in 3D. If user spcifies a time range, the tool animates the end-effector frame
motion along the trajectory. Fig.4.7 showns an example of the visualization tool interface, that
catches a samples of a trajectory over time.

4.4 Tasks used in Task-Priority Library

4.4.1 End-effector Control of Multiple Robots

The End-Effector (EE) control task drives each manipulator (or mobile manipulator) towards a
desired Cartesian pose, which may correspond to a fixed target or to a time-varying trajectory.
Within the task-priority framework, it is modeled as an ET and often assigned a lower priority.
For each robot, the actual EE pose x = [pgg, gg] is obtained from forward kinematics, where
pee € R is the position and rgg € H is the quaternion orientation. The reference pose x*(t) =
[p*(t),r*(t)] is provided either by a trajectory generator described in Sec. 4.3, or as a fixed target.
When tracking a trajectory, the velocity reference must also include the feedforward term
Xgg, i.e., the desired Cartesian velocity. According to the task-priority scheme, the EE control

law is expressed as
Xpgp = Xpg + Kgg e (4.46)

with ¢ = [e;gr e/ ]". In practice, Kgg is chosen block-diagonal (e.g., Kgg = diag(Ky, K;)). The

control law combines two terms:
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* a feedforward contribution (xgg), when tracking a trajectory, given by the desired Cartesian
velocity, obtained by the trajectory generator, discussed in Sec. 4.3;

* a feedback correction(e), based on the position and orientation errors,

For each robot defined in the framework and for each EE the correction term related the
position error is computed as the difference between reference and actual position.

ep = p*(t) — pee(q). (4.47)

Similarly, the orientation error is derived from the quaternion representation and approximated
as

2
= ZE() e, (4.48)

where At is the controller sampling time, and E(r) € R3** is the matrix constructed from the
unit quaternion, represented as the vector r = [rg r1 72 3] T with rg being the scalar part:

Er

The single Jacobian associated with the EE task is defined in the standard way, as already
discussed in Sec. 4.2. When multiple robots are involved, the formulation is naturally extended
using Eq.4.10 by stacking the Jacobians of each end-effector into a block structure.

For the i-th robot with configuration ¢() and Jacobian J()(3())) € R®*™, the global multi-
robot Jacobian is defined as

JP W) 0 0
0 @) ... o
g-| O ) (4.49)
0 0 ) (g

where each block corresponds to one end-effector, and n; denotes the number of joints of the
i-th robot. The Jacobians are constructed as described in Sec. 4.2, taking into account the specific
kinematics of each robot (e.g., mobile base, manipulator arm and so on).

In this way, the error vectors and reference velocities of all end-effectors can be stacked
consistently, yielding a unified formulation for the multi-robot EE task:

@l e
MY o)

This block-diagonal structure preserves the modularity of the framework: adding or re-
moving robots simply amounts to adding or removing blocks in the stacked Jacobian, while the
robots are able to execute their trajectory tasks independently.

4.4.2 Joint Trajectory Control

In robotic systems combining a mobile base and a manipulator, the concept of joint control must
be interpreted differently for the two subsystems. In industrial manipulators, it is common to
command each actuator directly in joint space, as joint encoders are readily available and the
kinematic structure is fixed. Conversely, for mobile bases, direct joint-space control (e.g., wheel
angle or wheel velocity control) is seldom implemented in practice, since navigation and motion



4.4. Tasks used in Task-Priority Library 113

planning are more naturally defined in Cartesian coordinates (position and orientation of the
base frame).

For this reason, without loss of generality, in this work we treat the joint control g, () task
as a hybrid ET, where:

¢ the manipulator using joint-space control, where each joint is assigned a time parameter-
ized reference 1D-trajectory;

¢ the mobile base using Cartesian—space control, where reference trajectories are defined in
terms of the base frame pose and velocities.

This separation allows the overall control framework to remain unified at the task level. Ma-
nipulator joint-space trajectories are generated using smooth 1D trajectory profiles introduced
in Sec. 4.3.1 and scaled by means of joint actual and target information. For the base, Cartesian
trajectories are transformed from world into body—frame velocity commands through the cor-
responding kinematic strategies, depending on the base type (differential or omnidirectional).

In joint-space trajectory control the reference input of the joint must be mapped directly
without any need for transformation. For this reason, the associated task Jacobian reduces to
the identity matrix:

Jit(q) = I, (4.50)

with 7 the total number of joints (base + arm + gripper).

Mobile Base Actuation Control

The objective in mobile base trajectory control is to ensure that the robot follows a given time-
varying reference trajectory (x,(t),y,(t)), using only position and velocity measurements.
To recap, we model the mobile base joints as a planar system commanded by body-frame

velocities. uy™ = {v’j(, vg,

and y cartesian axes of the base frame, and w is the yaw rate, and u

T
w} in case where v¥ and 03 are the linear velocities along the x

T,
v%,w] " in case of a
differential-drive base, where vg = 0, since the nonholonomic constraint imposes that the base
can only move forward or backward and rotate about its vertical axis.

diff — [y

Differential Drive Base. For non-holonomic systems—such as differential-drive robots— com-
putation through jacobian is challenging because their motion constraints prevent movement in
certain directions. In particular, differential-drive robots cannot generate lateral motion, since
their Jacobian is rank-deficient; thus, only trajectories compatible with their kinematics can
be tracked. Ensuring that the reference path satisfies these constraints is essential, as infeasi-
ble trajectories (e.g., requiring sideways motion) cannot be executed without reparameteriza-
tion. These non-holonomic restrictions introduce nonlinearities that demand dedicated control
strategies rather than standard linear controllers. To address these challenges, a control strategy
proposed by [97] was adopted. This approach employs a state observer to estimate the robot’s
orientation from position and velocity measurements only, avoiding the need for direct orienta-
tion sensing. A controller is then designed to minimize the position error between the robot and
the reference trajectory, and the proof of the concept is validated in [97]. The tracking controller
is composed of two main components:

1-Orientation Estimator using State Observer. Consider the kinematic model of a nonholo-
nomic wheeled robot, the mapping from base to world frame is given by:

x(t) = vy(t)cosB, y(t) = vye(t)sind, 0O(t) = w(t). (4.51)
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where x(t), y(t) denote the Cartesian position, 6(t) the robot orientation, and v, (t), w are the
linear and angular velocity inputs, respectively. Since the orientation 6(t) is not directly mea-
surable, an observer is introduced to estimate the values of cosf and sinf. Without loss of
generality the variable of time is omitted for clarity.
Define the augmented state vector z = [x,y, cos6,sin O]T, and the observer dynamics are

given by:

21 = 230, + kl(x — 21)Ux,

2y = 240y + k1(y — 22) 0y,

§3 = —23w — k1Z30x + (x — £1)0x, (4.52)
61 = 23w — k12405 + (y — 22)0x,

23 = &3+ kix,
24 = Q4+ k1y,
where k; > 0 is a tuning parameter, and (3, 4 are internal observer states. Under mild con-

ditions (including persistent excitation), it can be shown that the estimation errors decay expo-
nentially, ensuring convergence of Z3 and 4 to cos 6 and sin 6, respectively.

2-Trajectory Tracking Control Law. The objective is to ensure that the robot follows a given
time-varying reference trajectory (x.(t),y,(t)) expressed in world frame, using only position
and velocity measurements. Define the position errors:

F=x-x(t), 7=y-y(b). (4.53)

The linear velocity input v, (t) is computed as:

0e(t) = \/ (i — ka tanh (%)) + (3 — ks tanh(7))?, (4.54)

with ky > 0. This formulation ensures that v, (t) remains strictly positive and bounded, which
is essential to guarantee the stability of the observer and the convergence of the control scheme.

To guide the robot towards the reference trajectory, the angular velocity command is defined
as:

w(t) = 0% — ks (24cos 0" — Z3sin6%), (4.55)

where 6* is an auxiliary orientation defined through:

X, — ko tanh(X) sind* — v — ko tanh(y)'

0 , 0 (4.56)

cos0* =

The term §* represents an estimate of the derivative of #* and is computed based on refer-
ence accelerations and the output of the observer.

To ensure convergence, the control design must satisfy specific conditions. In particular, the
linear velocity must remain strictly positive, i.e., vy (t) > vym > 0, to preserve observer stability
and guarantee persistent excitation. Moreover, the gain k, must satisfy

2
0<k < ‘zfvrm, (4.57)

where v, is a known lower bound on the reference linear velocity. These conditions en-
sure that the velocity command v, (f) does not approach zero, preventing loss of observabil-
ity. Finally, under suitable initial conditions and appropriate tuning of gains k1, k, and k3, a
Lyapunov-based analysis proves that both orientation and position errors converge asymptoti-
cally to zero.



4.4. Tasks used in Task-Priority Library 115

Omnidirectional Base. In contrast to differential platforms, an omnidirectional base is fully ac-
tuated in SE(2), meaning it can generate independent translational and rotational velocities. Its
control problem is therefore less constrained, as any feasible Cartesian trajectory can be tracked
directly in the workspace.

Given a Cartesian trajectory reference p,(t) = [x,(t), y-(t), 6,(t)]T, and define the tracking
error as e, = p, — pp, where p, = [x,(t), yp(t), 05(t)]" is the current base pose. The desired
control law in the Cartesian frame is computed by means of feedforward and feedback terms:

ur = Pr(t) + Komni €p, (4.58)

where Komni = diag(ky, ky, kg) is a positive-definite gain matrix. The corresponding desired
cartesian control input u, is then mapped into body-frame velocities u; through the inverse of
the appropriate Jacobian.

Up = ]gn1n1<0b) Uy. (459)

For an omnidirectional base, the Jacobian is full rank, allowing direct inversion and it is
typically defined as

cosf, —sinf, O

] (4.60)

Jorni(6y) = |sinf, cos6, 0O
0 0 1

This Jacobian differs from the implementation reported in Eq. (4.18), as it is defined with respect
to the origin of the base frame rather than the end-effector position. Moreover, it models the
planar kinematics of the mobile base, thus describing motions in the configuration space SE(2)
instead of the full spatial domain SE(3).

Manipulator Joint Control. The manipulator joints are directly commanded in joint space,
following smooth time-parameterized reference trajectories. For each joint i, the reference po-
sition ¢; ,(f) and velocity 4; ,(t) are generated by one of the interpolation methods presented in
Sec. 4.3.

The control law is defined as

Gi = Gir(t) + ki (g (t) — qi(t)), (4.61)

with k; > 0 the proportional gain for the i-th joint. In compact form:

q=dr+Ky(gr— 1), (4.62)

where K, = diag(ky, ..., ky).

4.4.3 Singularity Avoidance

The Singularity Avoidance (SA) task is formulated as an IT aimed at keeping the robot away
from singular configurations. Given the end-effector Jacobian J(g), it can be decomposed via
Singular Value Decomposition (SVD) as

J(q) =Uuzv’, (4.63)

where ¥ is the diagonal matrix of singular values ¢4 > --- > 0, with ¥ = min(m, n). These
values quantify the manipulability of the system along different task-space directions.

The SA task specifically monitors the smallest singular value ¢™"(J) = ¢, which tends to
zero near singularities, indicating loss of controllability. The corresponding joint-space direction
is given by the last right-singular vector v, (last column of V). In this library, we encode this

direction as a Jacobian-like row Jsp € R¥", ie., Jso = 0, .
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To modulate this task near singularities, the activation matrix Asa € R is defined ac-
cording to the general formulation in eq. (4.8). The activation depends on the smallest singular
value and smoothly transitions from full activation (close to singularities) to complete deacti-
vation (far from them). This behavior is obtained through the sigmoid function:

asa = s (™()), g o) (4.64)

where 0, < 0 are user-defined activation thresholds.
Finally, to regulate the system, a proportional control law drives c™"(]) toward a desired
threshold x*, with the task error defined as:

Xsp = KSA(X* - O.min(])). (465)

444 Joint Limits Avoidance

The Joint Limit Avoidance (LA) task prevents the robot joints from approaching their mechan-
ical boundaries by introducing repulsive actions near the limits. This is achieved through a
diagonal activation matrix Apa € R"*", where each diagonal entry 4, ; represents the activation
of joint j.

The activation value is computed as the maximum between two sigmoid-based functions:

.
ALa;;, = max (sj,s]- >

st =1—s (g, - g}, q7) (4.66)
s; =5 (ap07.9; +8407 ),

where g7 and q; denote the upper and lower joint limits, while Ag; and Ag; define smooth ac-
tivation margins near the bounds. This formulation ensures gradual engagement and prevents
discontinuous control responses.

The task Jacobian is the identity, /1o = I, as each joint is regulated independently. A
proportional control law then pushes joints away from the boundaries. With K o € R” denoting
proportional gains, the task error is defined as:

Ki (97— 8g; =), ifq;>qf - Ag;
Kj\g; +8q; — ‘7]’) ,if g < gy +Aq; (4.67)

0, otherwise.

X4, =

This task is available just for manipulators, as mobile bases typically do not have joint limits,
but cartesian limits task needs to be considered.

4.4.5 Obstacle Avoidance Through Robotic Distance Function

Collision Avoidance (CA) is formulated as an IT to ensure a minimum safety distance between
the robot and potential obstacles, represented by a point cloud P in the world frame. The goal
of the CA task is to generate a repulsive action between the point with the highest collision risk
and the corresponding point on the robot surface.

To compute distances, the RDF method introduced in Sec. 3.3 is employed. Since the SDF
weights of each link are trained in its own local frame, every point cloud must first be trans-
formed from world to link coordinates before applying Eq. 3.29.

For both computational and conceptual clarity, the overall point cloud is divided into two
subsets: the environment cloud P, shared across all links, and the self cloud Ps¢!f, filtered for
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each link using a precomputed collision map. From a computational standpoint, the environ-
ment cloud has a fixed size and can therefore be processed in parallel, whereas the link-specific
cloud has variable size and must be handled individually. From a control perspective, this sep-
aration also enables assigning distinct safety margins for Self-Collision Avoidance (SCA) and
Environment Collision Avoidance (ECA), denoted as d*¢!f and de"v, respectively. This allows
the user to independently tune the relative clearance between self and environment collisions.
Critical points are then defined as

Pt ={p € P | f(p) <dzin}, Pa ={p € P™ | f(p) < din},

and their union yields the global set of critical points, Puit. The most critical point is finally
obtained as

j— i . 4.68
p argprg;gtf(p) (4.68)

Once identified, the critical point is projected onto the robot link surface using Eq. (3.69).
The resulting points are expressed in the world frame as p*21d (robot side) and p*o" (obstacle
side). Since V f(-) is computed in the link local frame, it is rotated into the world frame through
the link transformation.

The Jacobian associated with the robot critical point is defined as
Jia) = =V £ (pi )" (@), (4.69)

where J'" is the linear part of the Jacobian at the collision point and the —V ' (-) term, com-
puted in Sec.3.3.7, is the gradient direction pointing away from the obstacle. The overall CA
Jacobian is then given by:

Jea(@) = | Ji@) | - (4.70)
jni’])_

To separately account for self- and environment-collision risks, the entries of the activation
matrix are defined as:

aCAj,]' = max (Sjenv’ Sjself)

Sjen = 5 ((F(Peny), 0, a7 @.71)

dmin qmax

Sjself =S5 <-fj(ﬁself)’ Jself 7 Jself ) 4

where dmin Jmax gnd Jmin gmax are tynable thresholds.
Jenv Jenv Jself Jself

Finally, to prevent links from reaching collisions, a barrier function control law is employed:

1

Ticn = Kics Flp) —a 4.72)

where for the i-th link, d; is the SDF value and dfafe is the minimum admissible distance.
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4.5 Simulation and Experiments

4.5.1 Joint Trajectory Task

Differential-drive base.

In this experiment, the Tiago-robot is commanded to follow a simple trajectory, so the jacobian
of this task is J;r = I, with two degrees of freedom of command of the differential-drive base.
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Figure 4.8. Trajectory profiles for differential-drive base, comprising position, velocity, and acceleration
over time.

The experiments presented in Fig. 4.8-4.10 assess the capability of the differential-drive base
to accurately follow two distinct Bezier trajectories while maintaining consistent estimation of
its orientation.

Figure 4.8 illustrates the profiles of both trajectories, including position, velocity, and ac-
celeration components. The first trajectory (4.8a) spans approximately 12.5 m and is executed
over 30 s, whereas the second one (4.8b) covers 7.8 m in 20 s. The corresponding velocity and
acceleration plots reveal smooth transitions and bounded accelerations, ensuring dynamically
teasible motions without exceeding the platform’s actuation limits.

The resulting Cartesian tracking performance is depicted in Fig. 4.9. In both cases, the robot
successfully follows the desired path (orange) with minimal deviation, as shown by the near
overlap between the desired and real trajectories. In the first experiment (4.9a), a larger transient
error is visible at the beginning of the motion, due to the nonholonomic constraint preventing
the robot from immediately reproducing the lateral component of the reference velocity. After
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Figure 4.9. Trajectory tracking for a differential-drive base, showing the desired (orange) and actual
(blue) paths for two different executions.
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Figure 4.10. Observer estimation of the position angle for a differential-drive base, comparing the
estimated (blue) and actual (red) angles over time.

this initial adjustment, the controller ensures tight convergence to the target curve. In con-
trast, the second trajectory (4.9b), which contains predominantly longitudinal motion, exhibits
a smoother and faster convergence.

Quantitatively, the final position error for the first trajectory is approximately 0.7 cm over a
path length of 12.5 m (relative error 0.05%), while the second trajectory yields a final error of
4.5 cm over 7.8 m (0.57%). These results confirm the high accuracy of the control architecture
even under nonholonomic motion constraints.

Finally, Fig. 4.10 compares the estimated and real yaw angles during the two experiments.
The observer effectively reconstructs the orientation throughout the motion, with only a small
transient discrepancy at the beginning of the first trajectory. The estimated orientation quickly
converges to the true one and remains well aligned for the remainder of the execution, demon-
strating the robustness of the estimation process.

Overall, these results validate the proposed control and observation framework, highlight-
ing its ability to ensure accurate trajectory tracking and reliable orientation estimation for a
differential-drive mobile base.
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Dual-Subsystem Task Execution: Omni-Base and UR Arm

Figure 4.11. Simulation model of the mobile manipulator, consisting of an omnidirectional base and a
6-DOF UR robotic arm.

In this experiment takes into exam the system Ur5+Omnidirectional in Fig.4.11, the omni-
directional mobile base and the UR robotic arm were commanded to execute coordinated ref-
erence trajectories while remaining decoupled in control space. The base was initialized at the
origin of the workspace, whereas the arm started from a random but valid configuration within
its joint limits. The Jacobian is set as J;r = Iy to enable independent control of both subsystems
three degrees of freedom for the base and six for the arm.

The mobile platform followed a planar Cartesian trajectory generated via a cubic spline
interpolation of four waypoints (see Sec.4.3):

pi = {[0.5,—0.3,0],[1.0, —0.7,0], [1.5,—1.2,0], [1.7, —1.5,0]},

executed over a 30s period with a uniform gain vector Komni = [0.5,0.5,0.5]. As shown in
Fig. 4.12, the base starts from the origin and reaches the final target smoothly, exhibiting consis-
tent tracking of both position and orientation references.

The UR arm was driven independently using a fifth-order polynomial (poly5) trajectory
connecting its initial pose to the desired joint configuration

94 = [0.0,—1.57,1.57,-1.57,-1.57,0.0],

with Kayrm = [2,2,2,2,2,2] and a total execution time of 30s. As reported in Fig. 4.12b, all six
joints closely follow their references, confirming accurate trajectory generation and joint-level
control performance.

Joint-Space Trajectory Execution with Dual Panda Arms

In this experiment, two Panda arms were commanded independently through the Joint Tra-
jectory Control task to follow defined joint-space trajectories. The jacobian is built as a block-
diagonal matrix including both arms, allowing simultaneous control of all 14 joints, so [t = 14,
7 for each panda arm The trajectory duration was set to 5s with a uniform proportional gain
Karm = 2.0 for all active joints.

The function set_arm_trajectories_pnts allows the definition of target joint positions
where entries set to None are automatically ignored. When a joint entry is None, that degree
of freedom remains fixed at its initial position throughout the motion, whereas all other joints
follow a smooth fifth-order polynomial (poly5) trajectory toward the specified target.

The desired joint configurations for the two arms were:

g = [0.1, —0.5,None, —2.0,0,None, 0], g\ = [None, None, 0, —2.0,0,1.0,0].
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Figure 4.12. Coordinated task execution of the omnidirectional base and UR arm. The base follows a
spline-defined planar path from the origin, while the arm moves along a fifth-order polynomial joint

trajectory.
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Figure 4.13. Execution of partially defined joint-space trajectories for the two Panda arms. Joints with
specified targets follow a fifth-order polynomial (poly5) profile, while those set to None remain fixed.
The tracking performance is nearly perfect, as desired and actual curves are fully overlapping. Each

trajectory is completed within 5.

As shown in Fig. 4.13, only the joints with defined targets evolve along continuous trajecto-
ries, while those set to None remain constant. The desired and actual profiles are nearly indistin-
guishable, confirming an almost perfect tracking performance with minimal steady-state error.
Both trajectories complete in 5s, demonstrating the controller’s capability to handle partial joint
activation within a unified trajectory generation framework.

Hierarchical Base-Arm Cartesian Control

In this experiment, a dual-layer control hierarchy is implemented to demonstrate redundancy

resolution between a mobile base and a manipulator arm. The mobile platform is a holonomic

base with three planar degrees of freedom, while the manipulator is a 6-DOF UR-type arm. The

resulting system therefore exhibits kinematic redundancy, with nine total controllable joints.
To achieve a structured task decomposition, two priority levels are defined:

* Upper level: JointTrajectoryControl — responsible for the base motion in the Cartesian
plane.

¢ Lower level: ArmCartesianControl — responsible for maintaining the desired end—effector
trajectory.

At the upper level, the activation matrix A1) selectively activates only the first three joints
(corresponding to the base), while deactivating the arm joints. Conversely, the lower-level acti-
vation matrix A is fully active, allowing the manipulator to exploit its six degrees of freedom
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Figure 4.14. Hierarchical control of the mobile manipulator. The base and manipulator tasks are
executed concurrently, demonstrating redundancy resolution and decoupled Cartesian motion.

within the null space of the upper task:
AW = diag(1,1,1,0,0,0,0,0,0), A® =,

This hierarchical composition ensures that the base trajectory task is prioritized, while the arm
task operates in the null space, preserving task feasibility and smooth motion coordination.

The demonstrative scenario consists of two sequential phases. First, the base is commanded
to reposition such that the end—effector aligns with the Y-axis (i.e., Y = 0). Then, the base moves
along the Y—direction while both the base and the manipulator move forward along the X-axis.
During this coordinated motion, the end—effector tries to maintain its Y = 0 constraint, effec-
tively decoupling its lateral motion from the base displacement. This configuration highlights
the redundancy exploitation and smooth task projection between base and arm.

Figures 4.14a—4.14b show the corresponding Cartesian tracking results. The base trajec-
tory (Fig. 4.14a) follows a smooth path along X and Y, while the manipulator (Fig. 4.14b) once
reached Y = 0 tries to mantain this value constant while moving along X. Although rapid base
accelerations may induce transient errors in the end—effector tracking, the hierarchical scheme
successfully achieves the overall task objectives, demonstrating the feasibility and robustness
of the proposed redundancy structure.

Collision Avoidance using a Camera-based Point Cloud

This experiment focuses on the application of CA for a 7-DoF Panda robot from Franka Emika,
represented in Fig. 4.15, operating in a dynamic environment. The scene is continuously moni-
tored by a ZED 2i depth camera, which provides real-time 3D perception of both the robot and
its surroundings. The camera is mounted in an elevated viewpoint and oriented to maximize
the coverage of the robot movement, ensuring continuous visibility of the interaction region
throughout the experiment. The camera produces a raw point cloud representing the entire
workspace. Since the robot enters in the camera field of view, points belonging to the robot
must be removed. We address this by applying a filtering pipeline that removes points corre-
sponding to the robot’s structure from the raw point cloud P, using the link meshes D and their
current world transformations 7,*. The mesh models are first converted into point clouds and
transformed into the world frame to reconstruct the robot’s shape at each time step. A bound-
ing box is then computed around the resulting cloud to define a region of interest and a CropBox
filter is applied to remove all scene points within it. To further refine the data, a combination of
Statistical and Radius Outlier Removal (SROR) filters is applied to suppress sparse or inconsis-
tent noise. During testing, we observed that residual artifacts can still appear: robot motion may
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(b) Robot tracks the reference  (c) Operator Hand appears in the
trajectory. camera frame the controller
transitions from tracking to
avoidance.

(a) Robot representation in the scene . (d) Robot deviates from the  (e) Operator hand disappears and
trajectory. Robot tracks the reference
trajectory.

Figure 4.15. Camera-based collision avoidance scenarios for the Panda robot arranged in a 2 x 3 layout,
with the RDF/point-cloud representation occupying the first column across two rows and each
remaining cell split into camera view and filtered point-cloud view.
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Figure 4.16. Collision avoidance scenarios with depth camera. Task-Priority activations: Joint Limit
Avoidance (LA), Singularity Avoidance (SA), Collision Avoidance (CA), End-Effector (EE) task.

induce lighting changes and specular reflections that generate spurious points, often projected
near or even onto the robot surface. To mitigate this effect, we leverage the robot SDF: points
that lie on (or sufficiently close to) the robot’s zero level set are classified as self-artifacts and re-
moved. This prevents them from being mistakenly interpreted as external obstacles. Reflections
can produce point-cloud clusters that resemble obstacles. In this example, the operator’s hand
is correctly detected and triggers collision avoidance at the gripper, whereas the reflected points
are suppressed by the iso-surface filtering, avoiding false avoidance behaviors. As a result, only
the right link is activated and the robot safely avoids the hand while remaining robust to reflec-
tive noise. The CA parameters are empirically determined. The activation thresholds dmin =200
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mm and dmax =400 mm, while the barrier limit dgyfe = 50 mm. Regarding joint limits, the phys-
ical limits of the Panda robot are given by default: upper limits = [2.89, 1.76, 2.89, 0.069, 2.897,
3.75, 2.9] rad and lower limits = [-2.89, -1.76, -2.89, -2.4, -2.6, -0.017, -2.89] rad. For the chosen
trajectory, the inverse kinematics solutions lie well within these bounds. However, to explicitly
test the system’s ability to exploit redundancy and respond to joint limit constraints, we artifi-
cially tightened the lower limit of joint 3 by setting 4~ = —2.4 rad forcing Ag~ = 0.3 rad. The
other joints remain constrained within their natural limits, all set with margins Ag* = =+0.1
rad. For the SA we selected activation ranges deemed reasonable by monitoring the smallest
singular value within a distance interval between 0.001 and 0.1.

Fig. 4.16 report only the last three robot links, i.e., those most frequently visible in the cam-
era’s field of view, while the analysis of SCA is deferred to a dedicated subsection. The pro-
posed CA framework is evaluated in three representative scenarios, illustrated in Fig. 4.15b,
4.15¢, and 4.15d. In these figures, blue points represent the robot’s 3D point cloud, red points
denote potential collision candidates (including both obstacles and spurious detections), and
colored arrows on the robot surface indicate normalized repulsion gradients, highlighting the
avoidance directions computed by the algorithm. The blue line rappresents a cubic spline tra-
jectory for the end effector task (EE), but can be any trajectory task described in Sec. 4.3. In
Fig. 4.16, the gray regions correspond to time intervals in which links enter in the camera’s field
of view, thereby triggering CA responses. In the first two scenarios shown in Fig. 4.15b and
4.15c¢, an operator’s hand intrudes into the safety zone around the end effector. Consistent with
the gray-shaded intervals in Fig. 4.16, the ECA task is promptly activated as soon as the hand
is detected, generating repulsive gradients on the distal links (L6-L8) most exposed to the cam-
era. The resulting corrective action forces the end effector to deviate smoothly from its nominal
path. Once the obstacle retreats, the activations decay to zero and the trajectory reconverges to
the reference, demonstrating the reactive behavior of the system.

The second and third scenarios evaluate robustness to sensor noise, where spurious points
from reflections may appear as obstacles. These artifacts are suppressed by iso-surface filtering
and the activation matrix, preventing false avoidance. Consequently, the robot maintains its
trajectory without disturbance, confirming that sdfs can be used to filter noise.

We further analyze the interaction between the CA module and other secondary tasks. In the
SA case, the system tracks the desired trajectory without entering the activation region, and thus
no interference with the avoidance behavior is observed. In contrast, the LA task imposes a hard
constraint on the position of joint 3, directly influencing the system’s redundancy resolution, as
shown in Fig. 4.16. Indeed, the controller leverages kinematic redundancy to simultaneously
satisfy the joint constraint and the CA objective.

Double manipulator Pick and Place Task

This scenario involves setup composed of two Franka Emika Panda manipulators. This section
aims to validate the method of multi robot end effector control introduced in Sec. 4.4.1, along
with the CA and LA tasks described in Sec. 4.4.5 and Sec. 4.4.4, respectively. The SA task from
Sec. 4.4.3 is also included, but not shown since it is not activated during the chosen task. The
task requires the two robots to perform a cross pick-and-place operation, such that each robot
must reach into the other’s workspace. This naturally creates the need for mutual collision
avoidance, as both arms must dynamically adapt their trajectories to prevent interference while
completing their pick-and-place actions.

Figure 4.18 reports the evolution of the LA, CA, and EE tasks. The plots show that, while
joint-limit activations occur, particularly for the elbow joints, the overall task remains feasible.
This is achieved thanks to the redundancy resolution in the TP framework, which allows the
robots to satisfy joint constraints while still prioritizing collision avoidance and end-effector
motion. To maintain joints as centered as possible, the margins are set to Ag = 0.7 rad for both
upper and lower bounds. The activation distances are uniform across all links for both ECA
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(a) Initial configuration of the two Panda manipulators. (b) Initial configuration of the two Panda
manipulators.

(c) Elbow—forearm proximity triggers self-collision
avoidance.

(e) Hand collision avoidance during the crossing (f) Final configuration — task completed.
motion.

Figure 4.17. Comparison between real-world execution (left images in each pair) and simulation (right
images) for the dual-arm cooperative manipulation sequence. Each pair corresponds to a different task
phase.

and SCA, with dpin = 0.075 m and dmax = 0.11 m, while a hard safety margin of dg,¢. = 0.001
m guarantees a minimal clearance at all times.

The evaluation is carried out within a unified TP framework, in which the two manipula-
tors, as explained in Sec. 4.4.1, are modeled as a single composite system rather than totally
independent robots. In this formulation, ECA is restricted to the ground plane represented as
red points, whereas SCA encompasses both intra-robot and inter-robot interactions. In practice,
each manipulator link is aware of other links in the chain as a potential collision source but also
perceives the geometry of the other manipulator. Particular attention is paid to the distal links,
which are the most likely to interfere during the crossing motion. For clarity, in the activation
diagrams of Fig. 4.18, link 5 corresponds to the elbow, link 6 to the forearm, link 7 to the wrist,
and link 8 to the gripper for both robots.

Figure 4.17 shows representative frames of the execution. During the crossing phase, po-
tential collisions (e.g., robot A’s gripper with robot B’s elbow or forearm) trigger repulsive gra-
dients that adjust robot B’s posture while preserving feasibility. In the pick phase, activations
on robot B’s gripper remain small, so the end-effector task dominates. Finally, at t ~20 s in the
place phase, close interactions at both grippers are again smoothly resolved, and both robots
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Figure 4.18. Task-Priority Activations in collision avoidance scenarios. The plot shows the activation
levels of the tasks over time for both manipulators during the pick-and-place operation.

complete the task.

Overall, the plots in Fig. 4.18 together with the execution frames in Fig. 4.17 confirm that
the proposed unified TP framework can successfully manage multi-arm coordination under
shared collision constraints. The results highlight not only the alternating dominance between

SCA and ECA but also the ability of the system to cope with joint-limit activations without
compromising task feasibility.
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Chapter 5

Conclusions

This dissertation consolidates advances across deformable object manipulation, real-world and
simulated task scenarios, and multi-robot control. Leveraging GPU-accelerated computation,
tactile sensing, and priority-based control, it addresses several open gaps in the state of the art.
The contributions are validated in both simulation and hardware, using a broad sensor suite
and show that embedding physical structure into the control stack yields robust performance
under sensing uncertainty and hard safety constraints. The following sections summarize the
addressed gaps and the resulting methods and systems, starting from DLO manipulation and
concluding with a unified library for multi-robot control in unstructured environments.

DLO manipulation is frequently examined through idealized or purely algorithmic formu-
lations, leaving a gap between theory and deployable industrial practice. In this work, several
open issues left by prior research, particularly the application-oriented aspects of DLO manipu-
lation, are addressed by closing the loop with tactile sensing (Ch. 1), which remains informative
when vision degrades and predictive DLO models are uncertain.

In Sec.1.2, in-hand tactile feedback is used to robustly guide the connector insertion into
its shielded cage. This task is brittle under vision-only pipelines since small misalignments
or unexpected contacts can lead to jamming or misinsertion. By regulating robot motion with
tactilely estimated cable pose and contact forces, the system can achieve high task success rates.

In Sec.1.3, tactile measurements are leveraged to estimate hose—environment interactions
for compliant rubber tubes; contact forces that are too small to be reliably captured by a wrist-
mounted F/T sensor become observable at the fingertip, enabling stable estimation and regula-
tion.

Autonomous electrical wiring remains challenging due to deformability and cable occlu-
sions; nevertheless, it remains an ambitious task in industrial automation. Beyond isolated
pick-and-insert demonstrations, it is crucial to decide which cable to grasp, how to stage and
route it, and when to insert under uncertainty. Sec.1.5 addresses this by introducing a cable-
handling subsystem that captures and guides freshly extruded cables from production machin-
ery into a structured storage module. This staging step standardizes initial conditions for wiring
and serves as a practical bridge toward fully autonomous panel wiring.

A key gap concerns the interpretation of tactile signals. Prior studies often map sensor
voltages to forces via auxiliary force sensors or adopt fully data-driven pipelines that require
large datasets and offer limited physical guarantees. In this work, tactile feedback is structured
through a Hertzian contact model, calibrated with a single probing experiment and Bayesian
Optimization, yielding compact parameter identification without extensive data collection. The
resulting estimates are physically interpretable, transferable across cable radii/materials within
bounded residuals, and sufficiently stable under moderate rate effects.

In unstructured environments, Wire Arc Additive Manufacturing (WAAM) in open spaces
poses two coupled challenges: sustaining geometric consistency while building large-scale
structures, and enabling fabrication in hard-to-reach locations. WAAM suffers from deposition
irregularities and evolving, uncertain geometry. Ch.2 addresses the challenge with a mobile,
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climbing robot that reconfigures stance and ascends the printed artifact. Sensor fusion (motor-
current readings as a proxy for contact load and an IMU) supports robust plug-in-hole anchor-
ing and maintains torch-to-workpiece orientation with respect to the printing plane. Results
show efficient, stable climbing and process-aware motion despite WAAM-induced uncertain-
ties.

In unstructured environments, simulators provide a safe proving ground where new meth-
ods can be evaluated before deployment on hardware. Building on this premise, simulation
becomes the engine of Sim2Real: first identify the plant and sensors, then randomize the pa-
rameters that matter, and finally close the loop with hardware-in-the-loop tests. The goal is
not photorealism, but a sort of digital twin that captures the physical phenomena that matter
for control. Ch. 3 presents a methodology that uses simulators to synthesize data for learning-
based perception and control pipelines.

In Sec. 3.1, we develop a cable simulator to generate large-scale datasets. A naive approach
to bridging the sim-to-real gap via parameter randomization led to unstable simulation be-
haviour; we analyze these failure modes and derive stability-aware randomization strategies.

Sec. 3.2 introduces a general real2sim?real framework that closes the loop between hard-
ware and simulation. Using real data to identify simulation parameters, then randomizing only
the sensitivity-dominant ones, enables the simulator to support the learning of robust control
policies.

Beyond simulation fidelity, computer-graphics tools can efficiently represent geometry for

motion generation and collision avoidance. Sec. 3.3 introduces Robotic Distance Functions
(RDF): a differentiable signed distance representation parameterized by tensor-product Bern-
stein polynomials and accelerated on GPUs via CP (PARAFAC) low-rank decomposition.
Sec. 3.4 exploits kinematic constraints to build capability maps, coupling RDF-based collision
checks with classical kinematics and GPU batching for high-throughput computation. This
yields a library that collects geometric and kinematic data efficiently in a fast and scalable man-
ner.

Finally, leveraging the tools of Sec. 3.3, Ch. 4 presents a unified framework for multi-robot
control based on task prioritization. The resulting library executes real-time control of mobile
manipulators and coordinated multi-arm systems with hard constraints for collision avoidance,
joint limits, and singularity avoidance. We validate the framework in simulation and on hard-
ware across multiple platforms, including dual-arm and mobile manipulation.
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