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ABSTRACT

The effectiveness of modern autonomous systems relies heavily on
the availability of large, diverse, and high-quality datasets for training
and validation. However, both industrial and medical domains suffer
from severe data scarcity—though for distinct reasons. In industrial
settings, the absence of large annotated datasets for navigation and
perception tasks limits the development of robust and adaptable al-
gorithms capable of operating in complex environments such as fac-
tories, shipyards, or warehouses. In medical applications, the scarcity
arises from privacy concerns, ethical constraints, and the high cost
of acquiring and annotating patient data, which restricts the use of
data-driven models in clinical practice. This thesis investigates an ap-
proach to mitigate data scarcity across these two domains through
synthetic data generation and realism enhancement techniques. Gen-
erative models are employed to create high-fidelity synthetic data
that preserve the diversity and realism required for effective learning,
enabling the development of robust perception and control systems
even in data-limited contexts. Subsequently, these solutions are ap-
plied in a real-world scenario, where an autonomous robotic system
capable of performing ultrasound examinations is developed in or-
der to conduct large-scale screening campaigns without the need for
qualified medical personnel. Finally, a Dual Layer Model Predictive
Control strategy is proposed to enhance the system'’s safety and per-
formance in the presence of obstacles within the workspace. Through
these contributions, this thesis demonstrates how synthetic data and
advanced control strategies can together overcome the limitations im-
posed by scarce real-world datasets, paving the way for more reliable,
generalizable, and autonomous systems in both industrial and medi-
cal applications.
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RIEPILOGO

L'efficacia dei moderni sistemi autonomi dipende in larga misura
dalla disponibilita di dataset ampi, diversificati e di elevata qualita,
necessari per le fasi di addestramento e validazione. Tuttavia, sia il
settore industriale sia quello medico soffrono di una marcata scarsi-
ta di dati, sebbene per motivazioni differenti. In ambito industriale,
’assenza di grandi dataset annotati per compiti di navigazione e per-
cezione limita lo sviluppo di algoritmi robusti e adattabili, in grado
di operare in ambienti complessi quali fabbriche, cantieri navali o
magazzini. Nelle applicazioni mediche, la scarsita di dati deriva da
vincoli legati alla privacy, da considerazioni etiche e dagli elevati co-
sti di acquisizione e annotazione dei dati clinici, fattori che limitano
I’adozione di modelli basati sui dati nella pratica clinica.

Questa tesi indaga un approccio per mitigare la scarsita di dati in
entrambi i contesti attraverso tecniche di generazione di dati sintetici
e di potenziamento del realismo. Modelli generativi vengono impie-
gati per creare dati sintetici ad alta fedelta, preservando la diversita e
il realismo necessari per un apprendimento efficace, consentendo lo
sviluppo di sistemi di percezione e controllo robusti anche in condi-
zioni di limitata disponibilita di dati reali. Successivamente, tali solu-
zioni vengono applicate in un caso d"uso reale, in cui & sviluppato un
sistema robotico autonomo capace di eseguire esami ecografici, con
I’obiettivo di condurre campagne di screening su larga scala senza la
necessita di personale medico qualificato. Infine, viene proposta una
strategia di Dual Layer Model Predictive Control per migliorare la si-
curezza e le prestazioni del sistema in presenza di ostacoli all'interno
dello spazio di lavoro.

Attraverso questi contributi, la tesi dimostra come la generazione
di dati sintetici e I'impiego di strategie di controllo avanzate possa-
no congiuntamente superare le limitazioni imposte dalla scarsita di
dati reali, aprendo la strada a sistemi autonomi pit affidabili, genera-
lizzabili e applicabili sia in contesti industriali sia in ambito medico.
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INTRODUCTION

The development of autonomous and intelligent systems is reshap-
ing industrial and medical fields, where advanced automation is in-
creasingly being adopted to improve efficiency, safety, and reliability.
However, a major bottleneck in this technological transition is the
lack of high-quality data for training, validation, and deployment of
perception and control algorithms. Modern data-driven methods, par-
ticularly those based on deep learning, are known to be highly depen-
dent on large and diverse datasets. This limitation is evident in both
industrial and medical scenarios, though for different reasons and
with distinct implications. This section will discuss in detail the roots
and implications of this issue, exploring the unique challenges of data
scarcity in industrial and medical domains, and setting the stage for
the methodologies investigated in this thesis. Together, these two do-
mains exemplify how data availability—or the lack thereof—directly
impacts the design, robustness, and scalability of autonomous sys-
tems.

In the industrial sector, the last decade has seen an exponential
growth in datasets for urban and automotive environments, fueled by
the rapid expansion of autonomous driving research. Publicly avail-
able datasets such as KITTI [43], Waymo Open Dataset [122], and
NuScenes [15] have enabled the development of advanced percep-
tion systems for road vehicles, catalyzing progress in mapping, lo-
calization, and obstacle detection. However, equivalent datasets for
industrial environments are virtually nonexistent. Robotic systems
designed for autonomous navigation in structured yet dynamic in-
dustrial facilities, such as warehouses, factories, or shipyards, lack
the diversity and volume of annotated data needed to robustly han-
dle real-world complexity. This limitation is particularly severe when
considering the variability of environmental conditions. Industrial en-
vironments often include challenging atmospheric scenarios—such as
rain, fog, dust, or low-light conditions—that heavily impact the per-
formance of LIDAR- and camera-based perception systems. The lack
of large-scale, high-quality datasets in such conditions hinders the
development and validation of robust models, forcing the adoption
of simulation-only pipelines or the costly and time-consuming collec-
tion of proprietary datasets. Consequently, autonomous navigation in
industrial environments is still far from achieving the same level of
robustness and adaptability observed in urban applications.

In the medical domain, the scarcity of data arises from different but
equally significant challenges. Medical imaging, particularly in fields
such as ultrasound, Computed Tomography, or Magnetic Resonance
Imaging, is subject to strict privacy regulations and ethical consider-
ations that limit the sharing and aggregation of patient data across
institutions. Furthermore, even when datasets are available, their size



INTRODUCTION

is often insufficient to cover the inter- and intra-patient variability that
characterizes real-world clinical scenarios. This limitation critically af-
fects the training of deep learning models, which tend to overfit to the
specific patterns present in small datasets and fail to generalize when
deployed in clinical practice. The situation is further exacerbated by
the difficulty of testing autonomous or semi-autonomous systems on
real patients, where safety, ethics, and liability issues impose strict
constraints on experimental validation. For example, in the case of
ultrasound-guided screening and diagnostic systems, access to anno-
tated scans is often restricted, and collecting new datasets requires
specialized personnel, expensive equipment, and lengthy approval
processes. These limitations slow down the development of robust,
reliable, and clinically acceptable autonomous solutions, which are
essential for improving efficiency and accessibility in healthcare.

The combination of these industrial and medical challenges high-
lights the need for innovative approaches to data generation and
enhancement, capable of addressing the shortage of annotated data
while preserving the statistical diversity and realism required for ef-
fective algorithm training. Synthetic data generation, realism enhance-
ment, and domain adaptation techniques have emerged as promising
strategies to bridge this gap across multiple domains, including agri-
culture [80], autonomous driving [73], aerospace [39], machine fault
diagnosis [114], and medicine [9]. By augmenting existing datasets
or creating new, high-fidelity synthetic ones, these methods have the
potential to accelerate the deployment of automation and autonomy
in both industrial and clinical applications, paving the way for safer,
more reliable, and scalable systems.

This thesis addresses these challenges by investigating the utility
and effectiveness of synthetic data generation and realism enhance-
ment to mitigate the impact of limited real-world data. The work
is structured around those domains where data scarcity is particu-
larly significant: the industrial domain, where high-quality annotated
datasets are virtually unavailable and data collection is expensive and
time-consuming; and the medical domain, where datasets are sensi-
tive, difficult to share, and often restricted in size due to privacy and
ethical constraints. By exploring solutions across these complemen-
tary fields, this study demonstrates how the integration of generative
models and realism enhancement strategies can enable more robust,
reliable, and scalable autonomous systems, ultimately bridging the
gap between simulation and reality in environments where data is
scarce or inaccessible. In the industrial domain, this need is rooted
in a concrete requirement expressed by Toyota Material Handling, an
industrial partner in this research. Their interest lies in acquiring re-
alistic datasets of industrial environments that are not available in
existing literature and whose real-world collection is both expensive
and highly time-consuming.

This thesis is organized into several chapters, each addressing a
complementary aspect of the problem of data scarcity and the strate-
gies developed to overcome it in the industrial and medical domains.
Chapter 2 introduces the first contribution, dedicated to the industrial
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domain. It presents a neural network capable of applying different
types of atmospheric noise to simulated scenarios, thereby increas-
ing the variability of environmental conditions available for training
perception algorithms. This approach brings synthetic data closer to
real-world operational conditions, enhancing the robustness of mod-
els that must operate in complex industrial environments. Chapter
3, on the other hand, shifts focus to the medical domain and ex-
plores the techniques developed to generate a synthetic dataset of
ultrasound images, aimed at compensating for the limited availabil-
ity of annotated clinical data. Despite the differences between the
two application scenarios, both approaches converge on the common
goal of producing high-fidelity synthetic data to bridge the gaps in
real-world datasets. The methodology described in Chapter 3 is then
integrated into the autonomous robotic system presented in Chapter
4. This chapter illustrates a robotic arm capable of performing ultra-
sound exams without direct supervision from an operator, demon-
strating how synthetic data generation can enable concrete applica-
tions in clinical settings. Finally, Chapter 5 introduces a control strat-
egy based on Model Predictive Control, designed to ensure safe in-
teractions in environments shared between humans and robots. This
contribution completes the methodological framework of the thesis,
addressing one of the typical operational conditions in the scenarios
described in Chapter 4, offering a solution for managing robot move-
ment in the presence of dynamic obstacles.



REALISM ENHANCEMENT OF SYNTHETIC LIDAR
DATA

This chapter analyzes in detail the issues introduced in the previous
chapter from an industrial perspective. Specifically, the scarcity of
Light Detection and Ranging (LiDAR) point clouds in the context of
autonomous driving in industrial environments and under various
weather conditions is addressed.

The major challenge in autonomous driving is the perception of
the surrounding environment, a task that has been increasingly tack-
led using deep-learning solutions based on image and LiDAR data,
which now represent the gold standard for autonomous driving per-
ception and localization tasks [7, 134, 136]. These solutions have been
proved to be very effective in correctly detect surrounding obsta-
cles as vehicles, pedestrians, and other road agents, enabling the au-
tonomous vehicle to react to the unknown and plan safe motions [46,
50, 79]. The major challenge faced during the deployment of such
solutions is ensuring the quality and completeness of the training
dataset, as it must include scenarios representative of real-world con-
ditions. The quality of training data is therefore crucial to enable per-
ception algorithms to generalize to unseen situations. To this end,
there is a growing need to incorporate diverse meteorological con-
ditions, traffic scenarios, and extreme situations into datasets to en-
hance the robustness of perception algorithms. Several open source
datasets provide LiDAR and camera readings under various atmo-
spheric conditions, including sunny [15, 43, 116], rainy [15, 116], snowy
[8, 11, 96, 116], and foggy [8, 116]. However, despite the abundance
of data, the different weather conditions are often strongly biased
toward sunny conditions, leading to imbalanced training which at
the end yields to poor inference quality. Moreover, to the best of
our knowledge, there is no publicly available dataset covering non-
urban environments such as industrial sites, warehouses, or port ar-
eas, which present unique challenges and hazards compared to urban
scenarios. Equipping a vehicle to collect and label this type of data
is costly in both financial and time-related terms. Moreover, as in
urban settings, reproducing emergency situations involving pedestri-
ans or vehicles in industrial environments is complex and potentially
hazardous. On the other hand, high-fidelity simulators have been de-
veloped, enabling realistic environment simulations that closely re-
semble real-world conditions. With these advanced tools, research
has shifted from collecting real-world datasets to generating high-
quality synthetic data, providing a more scalable and controlled ap-
proach to training and testing autonomous driving systems [16, 26,
102]. Recently, some efforts have been spent to minimize the domain
gap between real and synthetic data by 1) physically supply sim-
ulators with optical effects that interfere with the sensor readings,
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or 2) empirically train neural networks mimicking the noise of real
data. The work presented in this chapter is related with the latter
approach, as it proposes a novel network structure able to perform
domain transfer among synthetic and real domains, corresponding
to different weather conditions. While Cycle Generative Adversarial
Network (CycleGAN) is commonly employed for domain transfer tasks,
the proposed approach leverages StarGAN, a multi-domain transfer
network, to inject realistic weather-induced noise into synthetic Li-
DAR point clouds. Although the developed methods are environment-
agnostic and can be generalized to various settings, this study specif-
ically targets the enhancement of realism in synthetic LiDAR data
for industrial environments, where the availability of real annotated
data in open-source datasets is particularly limited. The main contri-
butions of this work are:

* A procedure for augmenting open-source LiDAR datasets by
integrating synthetically generated point clouds with enhanced
realism.

¢ The implementation of StarGAN-based neural network for do-
main transfer between real and synthetic domains, learning Li-
DAR data dropout under various atmospheric conditions. Un-
like CycleGAN, it handles multiple weather conditions within
a single model, enhancing adaptability.

¢ A structured evaluation using SalsaNext segmentation and IoU
metrics proved that enhanced synthetic data improve model
performance, establishing a baseline for generation and realism
enhancement of LiDAR data in industrial environments under
various weather conditions.

This chapter unfolds as follow, in Section 2.1 presents a brief liter-
ature review, with a special focus on realism enhancement and pub-
licly available datasets. Section 2.2 describes the proposed StarGAN
architecture and its underlying methodology. In Section 2.3, the sim-
ulator used to collect synthetic industrial point clouds is described.
Section 2.4 details the experimental setup, including dataset specifi-
cations and evaluation metrics as well as the obtained results. Finally,
Section 2.5 discusses the findings and outlines future research direc-
tions.
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Realism enhancement is an increasingly popular technique for data
augmentation in autonomous driving datasets, as it reduces both the
cost and time required to equip a vehicle for long data collection ses-
sions. However, the domain gap between real and synthetic data can
lead to performance degradation, resulting in deep-learning solutions
that struggle to generalize effectively to real-world data. Several stud-
ies focused on analyzing and minimizing this domain gap as much
as possible [41, 89, 117, 124]. In [124], the authors investigate the per-
formance of You Only Look Once (YOLO)v3 [99], an object detection
network trained on virtual camera data collected from the simula-
tor LGSVL [102], their suggest that scenario diversity is more critical
than visual fidelity when training perception models. Furthermore,
the study highlights that performance is location-specific, varying
based on urban or rural settings, reinforcing the necessity of simulat-
ing a wide range of scenarios. In [100], remarkable results have been
achieved in realism enhancement using a neural network takes as
input a rendered image from the video game GTA V, along with aux-
iliary buffers extracted from the render pipeline, to generate photo-
realistic frames. This approach maintains temporal consistency and
introduces fewer artifacts compared to previous methods. De Frutos
Carro et al. [40] highlight the lack of synthetic datasets for aerospace
environments and propose a methodology to assess the quality of
vision-based models trained on synthetic data.

On the other hand, few studies focused on Sim-to-Real domain
transfer for LIDAR data. One of the most relevant works in this area
is [14], where the authors introduce two generative models trained on
the KITTI dataset [43]. Given the lack of rigorous metrics for uncondi-
tional LiDAR point cloud generation, the study evaluates the quality
of generated data through visual inspection. In [109], a CycleGAN
[139] is implemented to perform Sim-to-Real domain transfer using
two different input representations: the 2D Bird’s-Eye View (BEV) and
the 2D Polar-Grid Map (PGM). The synthetic point clouds are gen-
erated using CARLA [26], while the real-domain dataset is KITTL
In this case as well, the quality of the generated point clouds is as-
sessed through visual inspection, highlighting the inherent challenges
in evaluating synthetic LIDAR data.

The study in [129] demonstrates that deep learning models can
achieve improved performance when trained on datasets that include
both real and synthetic data, particularly in scenarios where real data
is scarce, such as industrial datasets.

Other works [67, 76] adopt a physics-based approach, implement-
ing algorithms that model optical interactions and scattering effects
caused by snowflakes or dust to perturb the data realistically. How-
ever, modeling these physical phenomena is complex due to the mul-
titude of factors influencing them [65].

More recent studies, which align with this research and follow an
empirical approach, include [74] and [72]. These works train a Cycle-
GAN to perform Sunny-to-Rainy or Sunny-to-Foggy domain transfer.
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CycleGAN [139] architectures enable domain transfer between two
domains and have achieved significant success in image generation.
Other studies employing CycleGAN for domain transfer include [5,
109], which explore domain transfer from synthetic to real domains,
primarily under sunny conditions, as the KITTI dataset contains sen-
sor recordings exclusively in clear weather. Although CycleGANs
achieve strong performance in domain transfer tasks, they are inher-
ently limited to two domains. A naive solution would be to train a
separate CycleGAN for each domain pair, but this approach intro-
duces several issues. Considering k domains, training k(k — 1) gen-
erators becomes not only computationally expensive, since it would
require k(k — 1) training runs, with the typical issues of GANs such
as mode collapse, vanishing gradients, and instability during train-
ing, but also inefficient. This is because certain global features may
be shared across all domains, making it beneficial for the network to
leverage data from domains beyond a single pair.

To address these challenges, StarGAN [20] was introduced, a neu-
ral network designed for multi-domain domain transfer while main-
taining a single generator and a single discriminator. To the best of
our knowledge, no prior work has attempted Sim-to-Real domain
transfer involving multiple real-world domains (sun, rain, and fog)
within a single training session, leveraging the benefits of StarGAN.
Additionally, in this approach, a fourth real-world subdomain is in-
cluded: snow. Currently available datasets cover urban and suburban
areas under various weather conditions, primarily sun and rain [6, 15,
43]. As weather conditions worsen, data availability decreases, with
only a few datasets providing coverage for severe snow conditions
[11, 96]. The RADIATE dataset [116] is the only dataset containing
point clouds for all the domains of interest. However, the point clouds
are not annotated. The Seeing Through Fog dataset [8] contains the
largest number of point clouds recorded under snowy and foggy con-
ditions. Additionally, it provides environmental information such as
whether the ground was dry, wet, or muddy, as well as lighting con-
ditions and whether the data was recorded in an urban area, subur-
ban area, highway, or tunnel. However, the only available annotations
are 3D bounding boxes, with no point-wise labels. For these reasons,
this approach focuses on realism enhancement without relying on la-
bels, which are challenging—if not impossible—to obtain under par-
ticularly adverse atmospheric conditions. Specifically, the model pre-
sented is trained for Sim-to-Real domain adaptation using synthetic
data collected from a custom simulator and real data obtained by
combining multiple open-source datasets under known atmospheric
conditions. The real domain consists of four subdomains: sun, rain,
fog, and snow, while the simulator generates ideal, noise-free syn-
thetic point clouds representing industrial port environments.

The primary goal of this research is to address the lack of indus-
trial datasets by developing a framework for LiDAR data generation
and realism enhancement across various weather conditions, starting
from synthetic point clouds obtained via simulation. This approach
effectively solves two major challenges: (i) the absence of LiDAR



2.2 PROPOSED APPROACH

Synthetic domain

(F99) [Reat domain

Figure 1: Domain transfer functions learnable by the network. On the left,
the synthetic domain representing point clouds generated by the
simulator; on the right, the real domains corresponding to differ-
ent atmospheric conditions. To simplify the task, the domain trans-
fer functions Real <+ Real and Real — Synth are excluded from
training. Only the transfer functions in bold are learned during
training.

datasets for industrial environments and (ii) the need to cover all
possible atmospheric conditions within such environments.

2.2 PROPOSED APPROACH

This research formalizes a StarGAN-based approach to learn the multi-
domain mapping between the synthetic domain (Synth) and the real-
world domains Sun, Rain, Fog, and Snow. The StarGAN is trained

to realistically perturb synthetic point clouds of industrial environ-
ments generated by a simulator, applying atmospheric noise consis-
tent with the desired weather conditions. An overview of the archi-
tecture is shown in Fig. 2. This Real <> Synth task can be decom-
posed into: Synth — Real: realism enhancement of synthetic data

across real-world subdomains. Real — Synth: noise filtering from

real-world domains to an ideal synthetic domain. To simplify the

training process, this research focuses exclusively on realism enhance-
ment (Synth — Real). Fig. 1 illustrates all possible domain transfer

functions, highlighting those of primary interest for training.

2.2.1  Input Format

StarGAN [20] and previous CycleGAN models were originally de-
signed for image-based domain transfer. Therefore, in order to take
advantage of well-established image backbones, LIDAR data must be
formatted in a way that is compatible with the convolutional oper-
ations of the network layers. Previous studies have addressed this
challenge. In [5, 109, 110], the Bird’s-Eye View (BEV) representation
is used as the input format, which is a two-dimensional top-view pro-
jection obtained by mapping the point cloud onto a horizontal plane.
However, this format results in a loss of elevation information, mak-
ing it impossible to reconstruct the original 3D point cloud. In [72, 74,

8
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92], the 2D Polar-Grid Map representation is adopted. PGM projects
the point cloud onto a 2D grid while encoding the LiDAR channel
and ray step into pixel coordinates. Given the focus on generating
realistic synthetic datasets, this representation is preferred since it
allows for the reconstruction of the original 3D point cloud. Further-
more, the semantic annotation and use only geometric information is
omitted. This choice is motivated by two key factors. First, this study
aims to establish a baseline for the multi-domain domain transfer task
for point clouds. Second, to the best of our knowledge, no dataset
provides labeled point clouds in foggy conditions. Further details on
PGM encoding and dataset conversion can be found in Section 2.4.

The StarGAN approach requires the input to be concatenated with
d auxiliary channels, where d is the number of target domains. The
final input dimension reads as:

(1+d) x 32 x 1024

where 1 represents the single channel containing the Polar-Grid
Map of the point cloud, and d is the number of target domains. In
our case, d =4, corresponding to Sun, Rain, Fog, and Snow, since this
study focuses solely on the Synth — Real task, for further details
refer to Fig.2.

Real Dataset

=

Discriminator
- R/ Real/Fake Classification
N— T
v Sun
Target Weather Channels o

— —> | Rain
Weather Classification

— —> —> Fog

Snow

H

StarGAN Enhanced PGM

Synth PGM

Figure 2: Overview of the proposed architecture. The first input channel,
shown in purple, represents the synthetic PGM to be processed
for realism enhancement. This channel is concatenated with d =4
additional channels, which contain 0 in all positions except for the
selected domain channel, which contains one. The final dimension
is: [(14d) x 32 x 1024].

2.2.2 Model Architecture

Following the StarGAN [20] approach, the model consists of a gen-
erator G responsible for generating realistic PGMs affected by the
selected weather condition, and a discriminator D, which is tasked
with distinguishing whether the PGMs originate from real datasets
or are generated by G, as well as classifying the weather condition of
the PGMs. Through this approach, the generator G not only learns to
perturb synthetic PGMs realistically, but it also adapts the perturba-
tion to the specific weather domain of interest.
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Generator

As previously mentioned, the target weather conditions are Sun, Rain,
Fog, and Snow. The generator G receives an input formatted as shown
in Fig. 2, where the first channel contains the PGM distance map.
Each additional channel activates or deactivates a specific target do-
main. The generator follows an empirically tuned downsampling-
upsampling architecture, as shown in Table 1, with an initial con-
volution block to perform a channel conversion from 1+ 4 channels
to 64. The downsampling block consists of:

e Conv4 x 4

¢ InstanceNorm [126]
¢ LeakyReLU

e CBAM [132]

Experiments have shown that attention blocks help prevent mode col-
lapse during generation; therefore, the Convolutional Block Attention
Module (CBAM) employed. CBAM is composed of two submodules: a
channel attention module, which emphasizes important feature chan-
nels, and a spatial attention module, which highlights informative
regions in the spatial domain. Before the upsampling phase, residual
blocks are inserted. The quality of the generated outputs is strongly
influenced by the number of residual blocks. Similar observations
were reported in [74]. Their optimal configuration consists of a gener-
ator with four residual blocks and a discriminator with one residual
block. In our case, multiple iterations led to an optimal configuration

Layer Input — Output Channels | Output Size
InitialBlock (T+4) — 64 32x 1024
DownSamplingBlock 64 — 128 16 x 512
DownSamplingBlock 128 — 256 8 x 256
ResidualBlock x 5 256 — 256 8 x 256
UpSamplingBlock 256 — 128 16 x 512
UpSamplingBlock 128 — 64 32 x 1024
Convad 64 — 1 32 %1024
GumbelSigmoid - 32 x 1024

Table 1: Generator structure.

with five residual blocks in the generator and three residual blocks
in the discriminator. This number was empirically tuned. It is indeed
observed that by inserting a low number of residual blocks, the gener-
ator mode-collapses, applying dropout only at the edges of the polar
grid map as shown in Figure 3. The upsampling block is similar to
the downsampling block, but the number of channels is upscaled by
a factor of 2 using nearest interpolation, and the convolutional layer
is a same convolution. It is important to note that the generator objec-
tive is to generate a binary mask corresponding to the dropout points
of the point cloud. Let x be the input PGM, and let 7y € RH*XW

10
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Figure 3: Example of atmospheric weather generation (sun). The generator
contained 4 residual blocks and the discriminator 2. The genera-
tion mode-collapsed, and noise was applied only at the edges of
the polar grid map.

be the measurability map introduced in [92], which represents the
probability of a LiIDAR ray dropout. A Bernoulli distribution with pa-
rameter 7y can be sampled to obtain the binary mask my. During the
forward pass, my is used to mask x, but the sampling process used
to generate my is not differentiable. Thanks to the straight-through
Gumbel-Softmax distribution [59][84], a continuous relaxation niy is
used instead to allow gradient propagation in the backward pass. In
practice, the soft mask my is discretized at each pixel location as fol-
lows:

1 MY >05
0 1y <05
where:

fe = o <e+g1 —92>

T

with g1,92 € R"M*W being i.i.d. samples from Gumbel(o,1), e being
the logit of 7y, and T being the relaxation temperature and o being
the sigmoid function.

Discriminator

The original StarGAN does not use normalization layers in the dis-
criminator. Similarly, th normalization blocks is not included in this
implementation. The discriminator consists of a sequence of convolu-
tional blocks and LeakyReLU activations with a slope of 0.01, progres-
sively reducing the input dimensions. The final step consists of two
separate convolutional blocks, which provide the discriminator logits
for the atmospheric condition classification task and the adversarial
Real/Fake task, with output dimensions of 4 and 1, respectively. The
real/fake prediction follows a PatchGAN-like [58] strategy, produc-
ing a spatial output map instead of a single scalar. Table 2 summa-
rizes the architecture of the discriminator.

2.3 SIMULATION SETUP

In this section, the two key aspects of the simulator used for the syn-
thetic collection of industrial point clouds are analyzed: the virtual

11
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Layer Input — Output Channels | Output Size
Convad + LeakyReLU 1—64 16 x 512
Convad + LeakyReLU 64 — 128 8 x 256
Convad + LeakyReLU 128 — 256 4 %128
Convad + LeakyReLU 256 — 512 2 x 64
Convad + LeakyReLU 512 — 1024 1x32
Convad (out_src) 1024 — 1 1x32
Convad (out_cls) 1024 — 4 1x1

Table 2: Discriminator structure.

environment and the technique employed to simulate LiDAR within
these environments.

2.3.1 Virtual Environment

To generate synthetic point clouds, a simulator was developed using
Unity Engine, capable of creating realistic industrial port scenarios.
Most of the scene elements and their spatial arrangements are proce-
durally generated, ensuring that each generated scenario is unique.
The scene objects and their behaviors are instantiated based on a pre-
defined layout, as shown in Fig. 4. This approach provides flexibility
in generating new environments within a single data collection ses-
sion while ensuring that, even when the layout remains unchanged,
the generated environments still exhibit variability. The realism en-
hancement approach adopted in this study aims to realistically per-
turb synthetic data, independently of the simulated environment. In
this specific case study, an industrial port scenarios featuring con-
tainers, cranes, container ships, and material handling equipment is
simulated.

2.3.2 LiDAR Implementation

For the simulation of a virtual LiDAR, a GPU-based approach was
employed. The technique leverages the depth buffer generated during
the rendering pipeline to capture distance information from scene
elements. To simulate a LIDAR ray, a transformation from the buffer’s
(u,v) coordinates to the hit coordinates (x,y,z) in camera space is
required.

Let (lati, lon;) define the tuple for the i-th simulated ray, where
lat; and lon; denote, respectively, the latitude and longitude of the
i-th ray, as determined by the LiDAR’s channel configuration and

12
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angular resolution. The direction of this ray can be projected onto the
plane z = 1:

cos(lony) sin(lat;)

TaYxi = sin(lon;)sin(lat;)’
s — cos(lat;)

Yyi = sin(loni)sin(lat;)’
rayzi = 1.

Considering that Unity uses a left-handed coordinate system, where
the z-axis is forward and the y-axis is up, the coordinates (u;,v;) at
which to sample the depth buffer are:

. Tayx + tan(Tn)
Y7 2tan(fovy)

o Tayyit tan(—foz"“)
v 2tan(fov,)

7

where fovy, and fov,, are the horizontal and vertical fields of view of
the simulated LiDAR. The hit position in camera space is:

hity; = rayyxi * d(ug, vi),
hity; = rayyi * d(u, vi),

hitzi = d(ui/ Vi_),

where the function d(ui,vi) represents the pixel value at which the i-
th ray intersects. To accelerate point cloud generation, this procedure
is executed on the GPU using a compute shader. Figure 5 shows an
example of an industrial environment generation. Further details on
the implementation of the simulator and the virtual LiDAR can be
found in Appendix A.1 and Appendix A.2.

2.4 TRAINING AND EVALUATION

Several datasets were used for training, therefore, it was necessary to
integrate them into a single local dataset. Fig.7 illustrates the datasets
used, the number of samples per dataset, and their corresponding
labels. All datasets employed in this work consist of point clouds
acquired under the atmospheric conditions of interest and across
both urban and non-urban domains. The complete dataset also in-
cludes a small subset of approximately 4,000 annotated point clouds
collected in sunny conditions from an internal Toyota Material Han-
dling dataset, representing an industrial environment relevant to this
study. In total, the dataset consists of approximately ~ 53000 PGMs,
of which 13000 are synthetic samples collected from the simulator.
Since each dataset was recorded using different sensors and configu-
rations, a dedicated preprocessing step was required for each dataset.

13
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Figure 4: Top-down view of a layout used to generate the virtual environ-
ment. Each area specifies the generation of a specific scene element.
Yellow arrows indicate areas containing containers, blue arrows in-
dicate cargo ships, purple squares represent buildings, and green
paths represent roads or pedestrian walkways. At the begin of the
simulation, each area is filled with the corresponding 3D elements
as explained in detail in A.2.

Specifically, a maximum distance of 150m was set for each point cloud
hit. These distances were then normalized to a range of [0-1] using
a polynomial encoding, as shown in Fig. 6. Further details on this
phase can be ??. This approach is justified by the fact that it provides
higher resolution for points closer to the LiDAR. During training, a
target domain is selected among Sun, Rain, Fog, and Snow by set-
ting the corresponding element in the input vector to 1. This one-
hot vector is dimensionally expanded and concatenated to the syn-
thetic PGM, as shown in Fig. 2. This leads to a vector of dimension
5 x 32 x 1024, where the first channel is the synthetic PGM and the
remaining weather channels contain either ones if the corresponding
weather is selected or zeros if it is not selected. The discriminator’s
loss functions include the cross-entropy loss for the classification task:

Lchs = _]E(xr,c)~]PT UOg Deis(clxr)]

where D.15(x) represents the probability distribution of the discrimi-
nator over the original atmospheric condition label ¢, and IP, denotes
the data distribution over the real atmospheric domains. By minimiz-
ing LD ., the discriminator learns to correctly classify the PGM x in its
original domain. Additionally, the discriminator is trained using the
adversarial Real/Fake loss. To this end, a Relativistic Average Stan-
dard GAN (RaSGAN) [62] is implemented, which accounts for the

prior knowledge that half of the mini-batch consists of fake samples:

LR = —E,, p,log(D(x;)] — Ey,p, log(1 — D(xs)]
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Figure 5: Example of a procedurally generated industrial environment. The
figure also shows the point cloud generated by the virtual LiDAR.

0.5 a
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d (distance in meters)
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Figure 6: Polynomial encoding used to normalize point distances into pixel

intensity.
Where:
D(xr) = 0(DRa(x+) = Ex,~p, [DRra(G(xs,¢))])
D(xs) = 0(DRra(G(xs,¢)) — Ex,~p, [Dra(xr)])

where x represents the synthetic PGM obtained from the simulator,
and G(xs) is the PGM converted by the generator into the target do-
main c. By minimizing £F , the discriminator reduces the probability
that a real PGM is perceived as less realistic than a synthetic PGM, on
average. Thus, the discriminator’s loss function becomes:
D D D
L7 =Las +LRa

For the generator, the cross-entropy loss is implemented for the clas-
sification task:

L8, = —Ex, -p.10g(De1s(clG(xs, ¢))]

Again, c represents the target label. The relativistic loss for the gener-
ator in the adversarial training is defined as:

L8, = —E, p,log(D(xs)] — Ex,-p,log(1 — D(x,)]
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To introduce uncertainty in the dataset labels (e.g., a foggy scene
might also contain rain), label smoothing is applied to the one-hot
vector of labels:

¢=c+AN(O,1)

where A represents the magnitude of the uncertainty. In the experi-
ments proposed, A = 0.05. The vector ¢ is then normalized element-
wise across all features so that its elements sum to 1. The training
lasted for 20 epochs with a learning rate of 1e~*.

To evaluate the quality of the generated data, two validation phases
were conducted. Both phases use the IoU of the segmentation task as
a comparison metric that is, assigning each pixel of the polar grid
map a class label (e.g., vehicle, building, road, pedestrian, ...). The
network used is SalsaNext [25], which performs segmentation on po-
lar grid maps derived from point clouds. In the first phase, the focus
is on validating the quality of virtual environments by analyzing the
performance differences of SalsaNext when trained on urban data but
tested on industrial environment data. In the second phase, the focus
shifts to the realism enhancement procedures, evaluating the model’s
ability to generate realistic data from ideal synthetic data obtained
from the simulator. In both phases, baselines are defined, and com-
parisons are made by adding different splits to the training set. Each
added split consists of 2000 point clouds of different nature, depend-
ing on the test scenario.

Finally, a qualitative evaluation of the realism enhancement proce-
dure will be performed by comparing synthetic point clouds before
and after the application of atmospheric noise.

2.4.1  Validation of Virtual Environments

For the first phase, SalsaNext was trained using various combinations
of real and synthetic data and validated on a proprietary dataset from
Toyota Material Handling Italy, recorded in industrial environments
on sunny days and manually annotated. The number of available
point clouds in the industrial dataset is quite limited (=~ 4000 anno-
tated point clouds), making it well-suited for evaluating the quality
of synthetic data. Of these, 0% was added to the training splits, re-
ferred to as I (industrial), while 10% was used for task validation. Each
additional split consists of 2000 point clouds. These splits are defined
as follows:

* Sp: synthetic industrial split from the simulator, without any
atmospheric noise perturbation.

¢ E;: enhanced synthetic industrial split, where realistic noise has
been injected using the network described in Section 2.2.

* Ri:synthetic industrial split subjected to a random dropout pro-
cedure of point cloud points.

¢ U: urban split, derived from SemanticKITTI [6].
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Analyzing the graphs in Fig. 10, the trends of four different training
scenarios is observed. From bottom to top, these are I, I+Sy, I+E;, and
I+U.

Comparing I with I+U, an improvement in training convergence
is observed, but no significant enhancement in overall performance.
This confirms that the training domain, understood as the character-
istics of the environment on which the algorithm is trained, must
reflect the same properties as the validation domain. The urban splits
from SemanticKITTI exhibit a domain gap relative to the industrial
dataset, which becomes evident in these tests.

In other words, an algorithm trained on urban environments can-
not be expected to perform well in industrial environments.

The graphs for I+S; and I+E; show an increase in performance
compared to the baseline I. This indicates that the synthetic data ac-
curately represent the characteristics of the environment in which the
segmentation algorithm is tested.

The performance drop observed between the use of synthetic point
clouds and enhanced point clouds is due to the fact that, under non-
extreme weather conditions, such as sunny weather, real point clouds
are similar to synthetic ones, meaning they contain little noise. In
this context, the neural network responsible for realistically dropping
points may actually remove more points than necessary, introducing
uncertainties in the segmentation algorithm.

An additional parameter was considered when evaluating perfor-
mance: the maximum IoU achieved across different training sessions
using the same splits. The results are shown in Fig. 9. This graph
confirms the previous findings. Specifically, the highest performance
gains compared to the baseline I are observed in the I+S; and I+E;
splits. Again, a decrease in performance is noted when comparing
enhanced splits to synthetic splits. Overall, a performance increase of
approximately 4% over the baseline is observed.

Finally, the I+R; column considers training with synthetic point
clouds from the simulator that have undergone random point dropout.
Although this is an easily implementable procedure, the results show
that performance is, on average, lower compared to I+St and I+E;.

2.4.2  Validation of Realism Enhancement

In this section, the focus is on validating the realistic point dropout
procedure using the neural network described in Section 2.2. To achieve
this, point clouds from the atmospheric domain snow, belonging to
the WADS dataset [11], recorded under adverse weather conditions
and containing semantically annotated point clouds, were considered.
Thus, the baseline Sn is defined as the splits derived from WADS. The
additional considered splits are:

¢ S:synthetic split generated by the simulator, without atmospheric
noise perturbation.

¢ E;,: enhanced synthetic split, where snow atmospheric noise
has been injected.
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Figure 9: Maximum IoU of SalsaNext obtained on different splits.
I is an industrial split.
S1 is a synthetic industrial split obtained from the simulator.
E; is an enhanced industrial split, where synthetic data has been
injected with atmospheric noise.
Rj is a synthetic split subjected to a random point dropout proce-
dure.
U is an urban split derived from SemanticKITTI [6].

* R: synthetic split subjected to a random dropout procedure ap-
plied to the point cloud.

e EJ: enhanced synthetic split augmented with an additional
1000 point clouds.

The need to improve perception tasks under adverse conditions be-
comes evident when comparing the baseline I in Fig. 9 with the base-
line Sn in Fig. 11. SalsaNext loses more than 15% of its performance
when weather conditions worsen. Moreover, given the difficulty of
recording a dataset under such conditions and manually annotating
it, alternative solutions become necessary.

Similarly, the comparison was conducted by analyzing both the
overall trend of a training session, as shown in Fig. 12, and the maxi-
mum IoU achieved during training, as shown in Fig. 11. Starting with
Fig. 12, it can be observed the use of synthetic point clouds (Sn+S)
does not lead to a performance increase compared to the baseline Sn.
By leveraging enhanced point clouds Sn+E;,,, a steady-state perfor-
mance improvement of more than 2% over the baseline is achieved.

Finally, once again, simple realism enhancement strategies such as
random point dropout (Sn+R) do not result in performance improve-
ments. Unlike the sun domain comparison, a performance drop is
noticeable when applying random dropout to synthetic splits.

In Fig. 11, the peak IoU values obtained across different training
sessions with the studied configurations is analyzed. Once again, us-
ing ideal synthetic point clouds, i.e., those generated by the simulator
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Figure 10: Performance trends of selected training samples across different
splits. From top to bottom: I, I+Sy, I+E}, and I+U. The graph also
includes the moving average with a time window of 30 epochs.
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without atmospheric noise (Sn+S column), does not lead to a signifi-
cant performance increase, with IoU improving only from 34.56% to
34.8%. This is because the validation split is also sourced from the
WADS dataset and is therefore heavily affected by atmospheric noise.
Consequently, adding ideal point clouds to the training set does not
improve the network’s robustness to such conditions.

To further evaluate the network’s performance when trained on
enhanced point clouds, additional tests were conducted by increasing
the enhanced split with 1000 additional point clouds, totaling 2000
point clouds from WADS plus 3000 enhanced point clouds (Sn+E{;,
column). In this case, the network achieved a performance of 37.3%,
improving the baseline Sn by 2.74%.

The performance differences between training configurations Sn+E
and Sn, Sn+S, and Sn+R indicate that the realism enhancement pro-
cedure successfully perturbed the point clouds in a realistic manner,
allowing the network to become more robust under the extreme con-
ditions of the considered atmospheric scenario.
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Figure 11: IoU mean of SalsaNext validated on different splits.
Sn refers to the snow splits from the WADS dataset [11].
Sn+S represents snow plus synthetic data, obtained from the sim-
ulator without realistic perturbations from the neural network.
Sn+Eg,, represents snow plus enhanced data, obtained from the
simulator and realistically perturbed.
Sn+E{, represents snow plus enhanced data, augmented with
1000 additional point clouds.
Sn+R represents snow plus synthetic data, where points have
been randomly dropped.

2.4.3 Qualitative Analysis

In this section, the realism enhancement process described in Section
2.2 is discussed, with a visual inspection of point clouds realistically
perturbed with atmospheric noise. Specifically, the polar grid maps
obtained from their 2D projection, shown in Fig. 13, are analyzed.
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This figure presents an example of generation across the four consid-
ered atmospheric domains: sun, rain, fog, and snow, comparing them
with real point clouds under the same atmospheric conditions. Other
enhanced images can be found in Chapter A.4, both in the polar grid
map format in Figures 52,53 and 54, and in the original 3d point cloud
view in Figure 55. From the measurability map introduced in Section
2.2.2, the binary mask can be extracted. During the generation pro-
cess, it is possible to specify a threshold to modulate the intensity of
the selected atmospheric condition. The polar grid maps in Fig. 13
were obtained using a threshold of 0.9, defined as:

u )1 M =09
my' =
0 1, <09

This setting accentuates each atmospheric condition. By comparing
the sun domain in Fig. (a) and the rain domain in Fig. (b), is observed
that the network has learned different noise patterns for different
atmospheric conditions. In (b), the noise is primarily present on the
road and appears more clustered compared to (a). Additionally, the
polar grid maps for fog (c) and snow (d) are significantly affected by
the atmospheric conditions. While the snow condition resembles an
intensified rain scenario, in foggy conditions, the noise is uniformly
distributed across the entire polar grid map, which is consistent with

its real-world counterpart.

SRR —

(c) Comparison with fog. The original sample is from SeeingThroughFog [8].

[96].

Figure 13: Examples of realism enhancement across the four considered at-
mospheric domains. From top to bottom: sun, rain, fog, and snow.
The first polar grid map represents the synthetic input obtained
from the simulator. The second polar grid map is the enhanced
version after injecting atmospheric noise, while the third polar
grid map comes from a real dataset recorded under the same at-
mospheric conditions.
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Figure 14: PGM from the RADIATE [116] dataset recorded under extreme
snow conditions. The LiDAR sensor is visually affected by inter-
ference caused by falling snowflakes.

2.4.4 Open Issues

While the proposed framework demonstrates promising results in en-
hancing the realism of synthetic LIDAR data under adverse atmo-
spheric conditions, several challenges and limitations remain open
for future investigation. These limitations highlight both the current
boundaries of the approach and potential directions for future re-
search. In the future, we plan to further optimize the network ar-
chitecture to improve the fidelity of the generated point clouds and
integrate, in addition to point dropout, the overlaying of atmospheric
interferences, such as snowflakes, which obstruct the LiDAR’s line of
sight to scene elements, resulting in distorted distance measurements,
as shown in Fig.14. The proposed approach leverages convolutional
layers, which are effective for processing spatially neighboring data.
However, further improvements could be made by adopting a more
optimized representation of the input, as point clouds are inherently
sparse data. Exploring the use of generalized convolutions [22] is sug-
gested, as they offer an efficient means of processing sparse tensors.
Finally, this study focuses on the task Synth — Real, simplifying the
problem to a one-to-many domain transfer function. Further investi-
gations can explore the capabilities of this neural network in perform-
ing denoising of point clouds recorded under adverse atmospheric
domains, i.e., the task Real — Synth.

2.5 CONCLUSION

In this chapter, a framework for the realism enhancement of synthetic
LiDAR data in industrial environments under adverse atmospheric
conditions was presented. The neural network introduced, based on
a custom variant of the StarGAN architecture, was designed to per-
form domain transfer between synthetic point clouds and real-world
domains under sunny, rainy, foggy, and snowy conditions.

Through a series of experiments comparing the segmentation capa-
bilities of point clouds recorded in sun and snow domains, is demon-
strated that the method presented enables the generation of real-
istic point clouds from ideal synthetic data, improving the robust-
ness of perception algorithms without requiring real data acquisition
in complex and difficult-to-access environments. The validation re-
sults indicate that adding synthetic data with injected atmospheric
disturbances during training can enhance the generalization capabil-
ity of neural networks operating under adverse weather conditions.
This contribution becomes particularly valuable as weather condi-
tions worsen, making perception algorithms unstable and dataset an-
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notation challenging. Additionally, it was shown that performance
improvements are also dependent on the characteristics of the valida-
tion environment. That is, the closer the simulated environment is to
its real-world counterpart, the more robust the perception algorithm
will be in such environments. Moreover, the perception algorithm
did not show significant performance improvements when a random
point dropout strategy was used for the realism enhancement of syn-
thetic point clouds. In fact, for the snow condition, this approach
led to a performance decline, suggesting that the atmospheric point
dropout method shown in this work should be preferred over sim-
ple realism enhancement algorithms. Finally, qualitative comparisons
indicate that this approach effectively models LiDAR point dropout
in a manner consistent with real perturbations observed in existing
datasets.

This framework represents a first step toward the creation of syn-
thetic datasets for autonomous driving in industrial scenarios, a field
that remains largely unexplored. However, the potential of this ap-
proach is not limited to industrial scenarios alone but extends to
any environment where limited data is available under varying atmo-
spheric conditions, facilitating the generation of annotated datasets
from virtual environments.
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This chapter builds upon the discussions presented in the previous
sections of this thesis, where we highlighted the challenges associ-
ated with data scarcity in autonomous driving within industrial en-
vironments. Here, the focus is shifted to the medical domain, where
similar issues arise, albeit for different reasons. Vascular pathologies
often develop gradually and remain asymptomatic until reaching ad-
vanced stages, which makes early detection and continuous monitor-
ing essential for effective clinical management. Accurate diagnosis
and prognosis depend largely on advanced imaging techniques such
as ultrasound, Computed Tomography (CT), or Magnetic Resonance
Imaging (MRI). However, access to such data is often limited due
to patient privacy regulations, institutional policies, and the ethical
considerations surrounding the use of sensitive medical information.
This scarcity poses significant challenges not only for clinical research
but also for the development of automated diagnostic tools, particu-
larly those based on deep learning algorithms. Neural network-based
approaches, while powerful, require substantial amounts of anno-
tated data to learn meaningful representations and generalize reli-
ably to unseen cases. The lack of sufficiently large datasets can there-
fore hinder the adoption and performance of Al-driven solutions in
healthcare. To address this limitation, the generation of synthetic data
has emerged as a promising strategy. Generative Adversarial Net-
work (GAN) [45] enable the creation of artificial datasets that preserve
critical anatomical and pathological characteristics while avoiding pri-
vacy concerns.

Here Vascular Echography GAN (VEGAN) is introduced, a novel
architecture capable of generating realistic ultrasound images of the
abdominal aorta from binary segmentation masks. By pairing each
mask with its corresponding synthetic image, it is possible to con-
struct a fully synthetic datasets suitable for training deep learning
models. It is further demonstrated that a U-Net segmentation net-
work trained on such synthetic datasets exhibits improved perfor-
mance when applied to real-world abdominal aortic ultrasound im-
ages, highlighting the potential of GAN-generated data to augment
clinical datasets and enhance Al-driven diagnostic tools.

This chapter is organized as follows. In Section 3.1, a review of the
available datasets and generative neural network models that have
been applied in the medical domain to address the common issue of
data scarcity is depicted. An overview of existing approaches is pro-
vided, and the work is contextualized within the broader landscape
of synthetic data generation in healthcare. Section 3.2 is dedicated to
a detailed description of the proposed solution for the synthetic gen-
eration of ultrasound images. In Section 3.3, the methodology behind
the data collection process and the construction of the dataset used
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for training the generative model is explained, along with a compar-
ative analysis of the performance of a U-Net segmentation network
trained with and without the synthetic images. Additionally, the re-
sults of a qualitative evaluation conducted with six domain experts
are discussed, focusing on the visual quality and realism of the gen-
erated images. Finally, in Section 3.4, the study is concluded by high-
lighting the strengths and limitations of the proposed solution, and
potential future research directions are outlined.

3.1 RELATED WORKS

This research stems from the need to obtain an annotated dataset
of abdominal aortic ultrasound images. While datasets of breast can-
cer images are more commonly available [2, 112, 131], to the best of
our knowledge, there is no publicly available dataset containing ul-
trasound images of the abdominal aorta. In [28], the authors address
the same issue of the lack of an abdominal aorta dataset by manu-
ally collecting and annotating images from over 100 patients, with
the aim of training a network for aorta segmentation in aneurysm
detection tasks. The AAA-100 dataset [106] provides 100 3D mod-
els of Abdominal Aortic Aneurysms (AAA); however, the application
presented in this chapter requires segmented real ultrasound images,
which makes this dataset unsuitable for our purposes.

In an early study [23], the authors successfully “fooled” radiolo-
gists by generating images of malignant lung nodules using Deep
Convolutional Generative Adversarial Networks (DC-GAN). Similarly,
in [68], the authors highlight the scarcity of 3D lung nodule datasets
and the low resolution of those available. As a solution, they propose
generating realistic 3D scans using autoencoders.

In [77], the authors employ a combination of autoencoders and
GAN: s to leverage the advantages of both architectures for the gen-
eration of thyroid ultrasound images. One challenge that arises when
using generative mechanisms is how to assess the quality of the gen-
erated images. Various metrics have been proposed for this purpose,
such as the Fréchet Inception Distance (FID), which measures statis-
tical similarities between generated and real images, or the Jensen-
Shannon (JS) divergence, which quantifies the similarity between two
probability distributions.

Another widely used strategy involves generating a sufficient num-
ber of images to create a synthetic split that can be added to the train-
ing set of a neural network. In this case, image quality is assessed
indirectly by evaluating the performance differences of the network
trained with and without the synthetic data. This strategy is adopted
in [77], where the authors compare the segmentation performance
of a U-Net architecture. The same approach is used in [108], where
the authors implement a DCGAN to generate breast tumor images
and validate image quality through the classification performance of
a network trained to distinguish tumor types.
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In [82] and [107], GANs are employed for the generation of breast
ultrasound images. In the first study, a StyleGAN2 [64] is used for
image generation, and the quality of the synthetic images is assessed
using FID, Jensen-Shannon distance, and Structural Similarity Index
Measure (SSIM). In the second study, a Wasserstein Generative Adver-
sarial Network (WGAN) architecture is adopted, enhanced with trans-
fer learning based on a pretrained VGG19 network to refine the im-
age generation. The authors use the Breast Ultrasound Images (BUSI)
dataset [2] and rely on the FID metric for evaluating image quality.

In the study presented in [88], generative models are employed
not for data augmentation but for reconstructing ultrasound images.
The authors compare a Conditional Generative Adversarial Network
(cGAN) with a diffusion-based model, which diverges from traditional
GAN:Ss by not relying on adversarial training involving two networks.
Instead, it learns to reverse the diffusion process by progressively
denoising a sample. Although the authors highlight the need for fur-
ther improvements to enhance the quality of generated images, they
demonstrate that the diffusion model, in particular, achieves perfor-
mance comparable to commonly used model-based techniques such
as delay-and-sum.

In an interesting study focused on the generation of CT angiog-
raphy images [81], the authors propose a GAN-based approach to
synthesize such images, aiming to reduce the use of contrast agents,
which are not only expensive but also potentially harmful. In addi-
tion to using standard metrics such as SSIM and Normalized Mean
Absolute Error (NMAE), the authors propose an expert-based evalua-
tion method: two radiologists performed diagnoses on the synthetic
images, and results showed that the generated scans were compara-
ble to real CT angiography images.

3.2 PROPOSED APPROACH

The concept of Generative Adversarial Networks (GANs), introduced
by Goodfellow et al. [45], is based on the competition between two
networks: the Generator and the Discriminator. The Discriminator is
trained to distinguish between real and fake images, while the Gener-
ator is trained in opposition, learning to produce increasingly realistic
images in order to "fool" the Discriminator. In theory, at the end of
training, the Generator should be capable of producing highly real-
istic images, such that the Discriminator can no longer distinguish
them from real data. However, in practice, training GANSs effectively
is a non-trivial task. Since their introduction, numerous variants have
been developed to stabilize training and improve the quality of gen-
erated samples. One common issue encountered during training is
that the Discriminator may learn to correctly classify real and fake
images too quickly, leading to vanishing gradients for the Genera-
tor and thus hindering its learning process. Several approaches have
been proposed to mitigate this problem.
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In this study, a customized version of the Progressive Generative
Adversarial Network (ProGAN) [63] is adopted. ProGANSs are designed
to facilitate the training process of the Generator. The core idea is to
begin training on a simplified version of the task and progressively
increase its complexity, allowing the Generator to refine its output
gradually. In the context of image generation, this translates to gener-
ating images with progressively increasing resolutions. The original
ProGAN architecture was not designed for conditional image genera-
tion: it relied solely on sampling a latent vector to drive the generative
process. In the proposed architecture, the image generation is condi-
tioned on a binary mask that corresponds to the segmentation of the
aorta in the generated ultrasound image. A representation of the pro-
posed architecture is shown in Fig.15. To condition the generation
process on the binary mask, it is injected at two stages. Assuming we
are at step 1, meaning that the generator is learning to produce 8 x 8
images, the binary mask is concatenated with the output of the previ-
ous step’s progressive block before being upscaled by a factor of 2 and
fed into the nex progressive block. The same mask is then concatenated
again with the output of the current progressive block, right before the
to output block, which reduces the dimensionality of the input to a
single channel and matches the current resolution step.

In Fig.15, the fade-in mechanism originally introduced in the Pro-
GAN paper has been omitted for simplicity. However, this architec-
ture also implements a similar strategy to ensure smoother transitions
between successive resolutions. Specifically, the output of the to output
block at the current step s; is interpolated with the upscaled output
from the previous step si_1 using a blending factor «. This parame-
ter « is not learnable but is instead initialized to o at the beginning
of training for step s; and linearly increased until the final epoch of
that step. When « = 0, the output corresponds to the upscaled output
of the to output block from s;_1. When « = 1, it corresponds to the
output from s;, and for intermediate values of «, the final output is a
linear interpolation «s; + (1 — o)si_1.

We refer the reader to [63] for additional normalization and train-
ing stabilization techniques such as equalized learning rate and Pix-
elNorm. In the proposed implementation, PixelNorm is applied only
in the initial block. For the progressive blocks and the to output blocks,
BatchNorm [57] was found to produce qualitatively superior results.
The to_output; modules receive as input the concatenation of the up-
scaled binary mask at the i-th step and the output of the correspond-
ing progressive block. They then perform a dimensionality reduction of
the feature maps to a single output channel.

The presented results were obtained through training over 7 pro-
gressive steps, starting from 4 x 4 images and reaching up to 512 x 512
resolution. Each step was trained for 10, 10, 20, 20, 30, 50, 60, and 8o
epochs, respectively, with a progressively decreasing learning rate,
from Ir = 1 x 1072 in the early stages to Ir = 1 x 10~* in the final
stage.

For both the generator and the discriminator, a Relativistic Aver-
age Standard GAN (RaSGAN) [62] is implemented, which leverages
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Figure 15: ProGAN proposed architecture. When training step s, the corre-
sponding mask is concatenated both on the output of the previ-
ous step and after the progressive block of the current step. The
fade-in mechanism is omitted for simplicity.

the knowledge that half of the mini-batch is composed of generated
samples in order to stabilize training. For the discriminator, the loss
is defined as:

LRa = —Ex,-p,[10g(D(x)] — Ex, p, log(1 — D(x¢)]

Where:

D(XT) = G(DRa(Xr) - ]EXf’\‘]I)f [DRa(Xf)])

D(x¢) = 0(Dra(xf) — Ex,-p,[Dra(xr)])

Where x, ~ [P, denotes real data samples, xs ~ IP¢ denotes fake sam-
ples generated as x¢ = G(z, m) with z ~ IP, normal distribution and
m the mask that guides the generation. Similarly, the generator is
trained with the relativistic loss:

£8q = —Ex,-p,[log(D(xs)] — Ex,-p.llog(1 —D(x,)]

3.3 TRAINING AND EVALUATION

The neural network was trained on a dataset consisting of over 3300
ultrasound images of the abdominal aorta, acquired from six healthy
patients during multiple recording sessions. The original video se-
quences were manually annotated by expert clinicians. To reduce re-
dundancy, frames with a Structural Similarity Index greater than 0.98
with respect to the previous frame were discarded. An example of
an ultrasound image and its corresponding binary mask is shown in
Fig. 16. The useful frames extracted from the videos were originally
sized at 950 x 614 pixels and were subsequently resized to 512 x 512
before being input into the network. An additional set of 500 images
was collected during separate acquisition sessions for validation pur-
poses. Although the patients were the same, these validation frames
were acquired using slightly different ultrasound settings (e.g., zoom
and contrast) to increase the variance between the training and vali-
dation splits.
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3.3 TRAINING AND EVALUATION

Figure 16: Ultrasound image of a volunteer with the corresponding binary
segmentation mask.

To assess the quality of the generated images, four separate splits
were created, each containing 1,000 ultrasound images generated at a
resolution of 512 x 512 pixels. Each split was produced using a differ-
ent value of the « parameter, set respectively to 0.2, 0.5, 0.7, and 0.9.
Table 3 reports the evaluation metrics computed for each of these syn-
thetic splits. The row labelled Real refers to comparisons between the
training and validation splits of real data. In table 3 it can be noticed

Split | 1s-Distance | FID | SSIM
Real 0.04 71.67 | 0.4117
1000 images o = 0.2 0.239 110.6 | 0.4257
1000 images « = 0.5 0.204 85.6 | 0.4605
1000 images « = 0.7 0.201 109.12 | 0.4566
1000 images « = 0.9 0.206 104.82 | 0.4481

Table 3: The table shows the Jensen-Shannon (JS) distance, Fréchet Inception
Distance (FID), and Structural Similarity Index Measure (SSIM) for
each considered split. The best results among the synthetic images
are highlighted in bold.

that lower « values in the progressive growing scheme yield images
dominated by lower-resolution representations, resulting in smoother
textures and reduced high-frequency noise. This favors structural sim-
ilarity metrics such as SSIM, which emphasize local luminance and
contrast consistency. Conversely, higher o values introduce realistic
high-frequency components characteristic of real ultrasound data, im-
proving distribution-based metrics such as FID and JS-distance. The
metrics described earlier provide a measure of the distance between
the real data distribution—which is inherently unknown—and the
distribution generated by the neural network. Since the primary ob-
jective of this research is to create a synthetic dataset of ultrasound
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3.3 TRAINING AND EVALUATION

images with corresponding segmentation masks, the most effective
way to validate the quality of the generated data is to use it to train
a new model with different combinations of real and synthetic data.
The performance of this network indirectly reflects the quality of the
generated images.

To further validate the quality of the generated images, a U-Net
was employed to perform the task of abdominal aorta segmentation.
The Dice score on the validation split was used as the evaluation
metric in all experiments. Figure 17 presents the average Dice scores
obtained from models trained with different data splits. The Real
column represents the baseline performance obtained when training
solely with real data, reaching an average Dice score of 69.6. The
columns corresponding to o« = 0.2, 0.5, 0.7, and 0.9 refer to models
trained using only synthetic data. Notably, the model trained with
o = 0.9 achieved a Dice score of 69.2, which is comparable to the base-
line. This indicates that, from the perspective of the U-Net segmenta-
tion task, the VEGAN is capable of generating ultrasound images
with realistic features. The final group of columns shows the results
of training on a combined dataset of real and synthetic images. In
particular, the Real + o« = 0.9 configuration led to an improvement of
approximately 6% in Dice score over the baseline, further confirming
the quality and utility of the synthetic data.

The results obtained with « = 0.9 are consistent with the design
of the architecture described in Section 3.2, where a higher « value
implies that the final output is primarily derived from the last pro-
gressive step, matching the spatial resolution and detail level of the
real dataset.

3.3.1  Qualitative Analysis

In addition to quantitative metrics, a qualitative assessment of the
synthetic ultrasound images was also conducted. This evaluation in-
volved six domain experts who were asked to complete a multiple-
choice quiz in which they were shown ultrasound images and asked
to identify which ones were real and which had been generated by
the VEGAN model. Four image groups were presented, one for each
value of & under consideration. Each group contained different com-
binations of real and synthetic images (generated using the corre-
sponding « value), for a total of 8 images per group. Participants were
informed that each group included a random mix of real and fake im-
ages, meaning that all images could potentially be real, all fake, or a
combination thereof. They were instructed to provide answers inde-
pendently and without zooming in excessively on the images.

Figure 18 shows the image groups used in the experiment, with the
synthetic images indicated. It is worth noting that certain images with
visible generation artefacts were deliberately included—for instance,
image 3 in the o« = 0.2 group. However, the results from these images
were excluded from the analysis due to their obvious synthetic nature.
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Figure 17: Performance of the U-Net for abdominal aorta segmentation
trained on different data splits. Synthetic splits are indicated by
the corresponding « value. The label "Real + « = x" denotes
training performed on the full real dataset combined with 1000
synthetic images obtained with « = x at step 7.

Figure 19 reports the number of synthetic images in each group that
were incorrectly identified as real by the experts. Interestingly, in con-
trast to the quantitative evaluation discussed in Section 3.3—where
higher « values generally yielded better performance—the qualita-
tive results reveal an inverse trend. Images generated with lower «
values were more frequently mistaken for real ones by the experts.
It could be hypothesized that the higher confusion rate observed in
qualitative visual assessments at lower « values is related to the in-
creased structural smoothness of the generated images. This interpre-
tation is coherent with the SSIM values reported in Table 3, as SSIM
primarily captures structural similarity and local luminance consis-
tency, which may favor images with reduced high-frequency content.
However, further investigation would be required to confirm this rela-
tionship. Finally, in figure 20, two generated images are shown. One
in which the generation succeeded and one in which failed.

3.4 CONCLUSION

In this chapter, Vascular Echography GAN is introduced, an architec-
ture capable of generating synthetic images of abdominal aortas to
address the scarcity of annotated datasets. The generation process is
conditioned on a binary mask, which can be chosen a priori to cover
different clinical cases and enable the creation of a diverse dataset.
VEGAN is derived from ProGANSs [63], which demonstrate superior
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Figure 18: Image groups used for the qualitative evaluation. Red circles in-
dicate synthetic images.



3.4 CONCLUSION 35

8 8
6
6 [ 5 6| 5 2
4| 4 3
0= 0 !
¢ & = Qgﬁ QS’ & & & 8 %%
\‘& Xé& \‘5& \‘é& \6& \*& X‘& \‘& \‘&
Fake images with & = 0.2. Fake images with « = 0.5.
8 8
6 : 6| 2
4+ 3| 41 i
51 2 5 2 2 L |
Lo ﬂ J
\ f)) 6) ‘:b & 0) b‘\ b\ (\\
% S L & E B B B B
&S TS
Fake images with o = 0.7. Fake images with o = 0.9.

Figure 19: Number of volunteers that classified a specific fake image as real,
subdivided by a.

Figure 20: Two generated images with o« = 0.9. While the generation failed
in the image on the right, in the image on the left it not only
correctly generated the aorta, but also depicted another vascular
structure — the caval vein — which is often present in the dataset
due to its proximity to the abdominal aorta, but not annotated for
our task.
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generation quality compared to classical GANs thanks to a progres-
sive increase in the complexity of the generator’s task, resulting in
easier training.

To establish a baseline for the task of synthetic abdominal aorta gen-
eration, the Fréchet Inception Distance, the Jensen-Shannon distance,
and the Structural Similarity Index Measure for different values of
are computed, and compared them with the same metrics calculated
between the real training dataset and a new set of real images not
included in the training data and acquired with different ultrasound
settings.

Finally, the proposed solution was validated by generating multi-
ple splits for different values of o and training a second U-Net on
the segmentation task. This network was trained using various com-
binations of real and synthetic data and validated on the new split of
real data. The DICE score obtained shows that images generated with
o = 0.9 possess, for the purpose of the segmentation task, character-
istics comparable to the real dataset. In fact, adding such synthetic
images to the real dataset leads to a performance improvement of
approximately 6% compared to the baseline that uses only real im-
ages. Moreover, the baseline performance is matched when training
exclusively on synthetic data with o« = 0.9.

A qualitative assessment further revealed that domain experts were
misled into classifying fake images as real. In contrast to the U-Net
results—where lower « values led to worse performance compared to
the baseline—the trend here is reversed: a higher number of synthetic
images were mistaken for real ones at lower « values.

Despite the promising results and the performance boost in the
task of interest enabled by the use of synthetic images, the genera-
tion process fails in approximately 20% of cases, as shown in Figure
20,requiring a manual review of the entire dataset to discard the im-
ages where the generation process failed. To improve the quality of
the generations, alternative solutions to GANSs can be explored by im-
plementing diffusion techniques [51] or more recent conditional flow
matching methods [78, 125].
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AUTONOMOUS ROBOTIC SYSTEM FOR AORTA
ULTRASOUND SCREENING

In the previous chapters, we explored two particularly sensitive ar-
eas that are often hindered by a scarcity of data: autonomous driving
in industrial environments and the medical field. In both contexts,
solutions for generating or enhancing the realism of synthetic data
have been investigated. The results have demonstrated that datasets
incorporating both real and synthetic data can significantly improve
the robustness of algorithms trained on such data. For instance, al-
gorithms like those used in segmentation tasks—whether for recog-
nizing obstacles in adverse weather conditions or identifying anatom-
ical structures in previously unseen patients—tend to perform bet-
ter when trained on diverse datasets. This hybrid data approach al-
lows the models to generalize more effectively across various con-
ditions, addressing data limitations and increasing their accuracy in
real-world applications. Building on this, the present chapter contin-
ues the discussion by introducing a robotic system specifically de-
signed to search for, identify, and measure the diameter of abdominal
aortas. The vision component of this system has been trained using
the techniques outlined in Chapter 3, which address the challenge
posed by the limited availability of real patient data. By generating
high-quality synthetic data and augmenting the training set, these
methods significantly enhance the performance and generalization
capabilities of the system. As a result, the robotic system is able to
carry out its tasks with greater precision and robustness.

Abdominal aortic aneurysm, a silent and potentially life-threatening
condition, represents a significant public health concern [4]. This con-
dition occurs when a segment of the aorta, the body’s main blood ves-
sel, weakens and bulges. The rupture of the aorta carries a high risk of
sudden fatality, so abdominal aortic aneurysm screening campaigns
can be an important strategy for reducing this threat [135]. These
campaigns target individuals with risk factors such as age, smoking
history, and family history of aneurysms, among others [121].

Non-invasive imaging methods, primarily ultrasound (US) and some-
times computed tomography (CT) scans, are used to assess the aorta’s
condition [111]. However, the shortage of qualified medical person-
nel [95] highlights the compelling need for exploring fully automated
robotic systems to do essential health examinations [48]. Moreover,
the US-based diagnostic methodology is known to be strongly operator-
dependent [105]. The high variability between results, in terms of US
imaging, poses challenges in the implementation of large-scale au-
tomated screening programs. These programs could ease the health
care burden as well as help people who reside far from hospitals to
be frequently monitored.
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Numerous research efforts have been dedicated to the develop-
ment of robotic and other automated systems for performing US-
based medical procedures [61, 75, 97]. Many research works have
opted to preserve human intervention through teleoperation, where
the robot physically manipulates the ultrasound probe on the patient
[87]. While this approach is justified due to safety concerns in this
field, full automation of US-based medical imaging remains worthy
of investigation for various specific diagnostic procedures.

A diagnostic procedure that merits exploration in the field of fully
autonomous robotic US system is vascular imaging. Vascular struc-
tures, encompassing arteries, veins, and lymphatic vessels, play a
critical role in the circulatory system. Jiang et al. [60] propose an
autonomous system to investigate peripheral vascular diseases us-
ing only real-time US imaging feedback. Their experiments are fo-
cused on the brachial arteries, thus they are limited to the arm and
do not involve other blood vessels. They train a neural network for
real-time segmentation of vascular structure using mainly images ob-
tained from a physical phantom, with data from only three human
patients included in the training process. Similarly, Ning et al. [93]
specifically focus on vascular imaging in arms. However, they ac-
complish the segmentation by making use of Doppler images rather
than B-mode US images. Additionally, to cope with the limitations
of linear controllers, they propose a method to move the ultrasound
probe based on Reinforcement Learning agent. Such a method deals
with the non-linear relationship between posture and perceived force.
Faoro et al. [30] presented a robotic US platform aimed at enhancing
the transcarotid revascularization, enabling precise catheter tracking
and insertion. They employed deep learning-based segmentation of
US images to reconstruct 3D vascular volumes from sequences of 2D
images. Subsequently, the generated 3D model was utilized to auto-
matically generate a catheter trajectory, enabling automatic insertion
by the robotic system. Finally, the work of Virga et al. [128] deals with
abdominal aorta screening. Indeed, they described and evaluated an
autonomous robotic system for aorta detection, utilizing a segmen-
tation method based on confidence maps. However, this system re-
quires the acquisition of a 3D US scans of the patient’s abdomen and
external cameras for reference system registration.

In this chapter, a robotic system designed to autonomously mea-
sure aortic diameter during US examinations is proposed, eliminat-
ing the need for direct involvement of qualified healthcare personnel.
An impedance-controlled robotic manipulator holds the ultrasound
probe and moves it upon the patient’s abdomen. The guidance of
the robot is achieved without the need for external sensors by solely
exploiting the feedback provided by a deep neural network able to
detect and segment the aorta in real-time on B-mode US images. Fur-
thermore, to improve the visualized US image of the aorta, the system
utilizes a motion planning algorithm that guides the probe through
a sequence of controlled movements, namely artificial potential fields
and grid-based searching, aiming at focusing the aorta in the gen-
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Figure 21: The overall control architecture.

erated US views. The proposed approach operates independently of
external registration systems.
In particular, the main contributions of this work are:

¢ The design of an autonomous robotic system able to safely move
the ultrasound probe on the patient’s abdomen and perform
the measure of the aorta diameter uniquely on the basis of the
information provided by a deep neural network that segments
the aorta in the ultrasound image, without the need of external
equipment for calibration and registration.

¢ A motion planning algorithm combining a grid-based global
searching and a refining local movements using the artificial
potential field strategy aimed respectively at the detection of
the aorta and at the improvement of its visualization, while the
robot tool remains compliant with the patient’s abdomen.

The remainder of the chapter is organized as follows: Section 4.1
describes the development of the deep learning neural network to
detect the aorta; Section 4.2 deals with the motion planning scheme
to guide the robot towards a good ultrasound view; Section 4.2.1 de-
scribes the experimental setup and the execution of the tests aimed at
evaluating the performance of the proposed system also in compar-
ison with those of an expert sonographer. Finally Section 4.3 draws
the conclusions and highlights the future developments. An overall
architecture of the proposed solution is depicted in Figure 21.
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4.1 AORTA SEGMENTATION

Pagani, and Paolo Zamboni. “An Autonomous Robotic System for
Aorta Ultrasound Screening with Deep Learning Segmentation.” In:
2025 IEEE 21st International Conference on Automation Science and Engi-
neering (CASE). IEEE. 2025, pp. 471-477

4.1 AORTA SEGMENTATION

A fully autonomous Ultrasound (US) system requires computer vision
capabilities to replace the expertise of sonographers. In this case, it is
essential for the algorithm to accurately identify the aorta in the US
image. This well-known task in the literature is referred to as image
segmentation, and many approaches have been developed over time.
With the advent of deep learning, so-called data-driven approaches
have emerged prominently, demonstrating superior performance met-
rics in comparison to their predecessor model-driven techniques [42,
86, 130]. Compared to model-driven, deep learning has the potential
to analyze medical images more effectively and extract more detailed
features. Nonetheless, it is important to note that these data-driven
approaches come with the inherent demand for datasets during the
training phase.

Given the absence of public available datasets for model training,
the initial phase of this study required a data collection campaign.

The dataset was collected from a cohort of 14 volunteers, with anonymiza-

tion procedures implemented to ensure the protection of personal
data. For each participant, US videos of the aorta were acquired, fol-
lowed by frame extraction and subsequent manual segmentation by
a physician. The extracted images were then rescaled to a standard-
ized resolution of 256 x 256 pixels. This standardized resolution fa-
cilitates effective information extraction by the model across differ-
ent input samples. The final dataset comprises a total of 3223 US
frames and their respective ground truth masks. This dataset has
been augmented with 1000 high-quality ultrasound image genera-
tions scaled down to a resolution of 256 x 256, obtained through the
procedures described in Chapter 3. As explained, the generation pro-
cess is guided by the mask; therefore, it was not necessary to seg-
ment these synthetic images, as the mask was constructed prior to
the generation itself. An example frame is shown in Figure 22a and
the corresponding manual segmentation in Figure 22b.

Regarding the deep learning model, as in [60], a supervised learn-
ing approach based on a Convolutional Neural Network (CNN) with
encoder-decoder structure is employed, named U-Net [103]. This choice
was motivated by the proven performance of the U-Net architecture
in image segmentation tasks, particularly in the field of medical imag-
ing. In the proposed implementation, the encoder is based on the
DenseNet121 [52] architecture, while the decoder employs transposed
convolutions for upsampling and utilizes skip connections to inte-
grate multi-scale features from the encoder, enhancing segmentation
accuracy. The output layer implements a sigmoid activation function,
to provide for each pixel in the output image the probability that the
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(b) (©

Figure 22: Different stages of segmentation of the aorta. (a) Original ultra-
sound frame. (b) Ground truth segmentation mask manually an-
notated by a physician. (c) Model prediction, showing the seg-
mented aorta with confidence levels. (d) Final result, where the
predicted segmentation is overlaid on the original ultrasound
frame for visualization.

aorta has been correctly identified in that particular pixel. Since the
model provides a probability score for each pixel and successfully
highlights places where the model is more certain about the presence
of the aorta, this pixel-by-pixel probability map produced by sigmoid
activation helps in the accurate delineation of the aorta in the US im-
age (see Figure 22c).

The total number of parameters in the final model configuration is
13,687,329, of which 13,601,761 are trainable parameters and 85,568
are not. This parameter count is a measure of the model’s complexity,
which is crucial in enabling it to recognize subtle details and features
in US images and improve the accuracy of aorta segmentation.

The implementation was carried out using Keras version 2.13.1 [21]
with TensorFlow version 2.13.0 [1] as backend framework. The data
set was divided into a 80% training set and a 20% validation set.
To improve model generalization and robustness, data augmentation
techniques are applied. Specifically, each input image underwent ran-
dom brightness and contrast adjustments, horizontal flipping, ran-
dom scaling (ranging from 80% to 120% of the original size), and
random rotation up to 20 degrees. These transformations were de-
signed to simulate variations commonly encountered in real-world
US imaging conditions.

The training process was conducted for a total of 50 epochs and
took about 60 minutes to complete on an Apple Silicon M2 Pro with
32GB of RAM. For model optimization, the RMSprop optimizer with
a learning rate of 1 x 107> is used . The loss function was defined as
a combination of Binary Crossentropy and Dice Loss. Specifically, the
Binary Crossentropy component ensures stable gradient propagation,
while the Dice Loss emphasizes segmentation accuracy by address-
ing class imbalance in the dataset. To comprehensively assess seg-
mentation performance, the IoU score and the Dice Coefficient as key
evaluation metrics are monitored. Upon completion of the training,
the model achieved a validation IoU score of 0.8218, and a validation
Dice of 0.9021 (see Figure 23).

The trained model was experimentally tested on a real-time video
stream acquired from the US machine, demonstrating an average in-

41



4.1 AORTA SEGMENTATION

0.8 1
0.6 |
—— Training IoU
04 —— Validation IoU
Training Dice
—— Validation Dice
0.2 ¢
0

0 5 100 15 20 25 30 3 40 45 50
Epochs

Figure 23: Training and validation performance metrics over 50 epochs. The
plot shows the Intersection Over Union (loU) and Dice coeffi-
cient for both training and validation sets. The metrics improve
steadily and stabilize, with validation curves closely following
the training curves.

ference time of 26 ms, corresponding to a processing capacity of 38
frames per second (FPS). This assessment highlights the potential for
on-the-fly aorta segmentation during US examinations, as well as its
real-time applicability and efficiency when used in a realistic clinical
scenario.

As final step in the segmentation process, it was opted to approxi-
mate the aorta as a circular shape using the minimum enclosing circle
algorithm provided by the OpenCV library [12] as showed in Fig-
ure 24.

The approximate circular shape simplifies the ensuing computing
operations, allows for measurements for clinical applications, and
aids in the derivation of video coordinates required by the collabo-
rative robot motion planning algorithm, as described in more depth
in the next sections.

It is worth noting that several, recent and improved, segmenta-
tion methods have been presented in the literature, such as Swin-
Unet [17] and UNet++ [138]. While these approaches offer promis-
ing advancements, the proposed method has already exhibited excel-
lent performance on evaluation metrics. In addition, a segmentation
model based on SegFormer [133] was trained, a Transformer-based
architecture known for its efficiency and scalability. However, a direct
comparison of its practical application against the model presented
in this study is left for future work.
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Figure 24: Approximation of the aorta to a circular shape with calculation
of diameter and coordinates. The red dot indicates the center of
the ultrasound image.

4.2 ROBOTIC SYSTEM SETUP AND VALIDATION

The usage of a collaborative manipulator to move the ultrasound
probe on the patient’s abdomen, applying the proper forces without
risks to the patient’s health, is proposed. This application involves the
physical Human-Robot-Interaction (pHRI) in which the robot task is
accomplished by using the Cartesian impedance control scheme. Such
a strategy has to consider the dynamics of both the robotics arm and
the attached tool. While the inertial properties of the arm are factory-
calibrated, those of the custom tool have to be identified by means
of specific procedures such as the ones described in [32], which also
takes into account a possible human-robot shared environment dur-
ing the identification motions. The proposed robot procedure to de-
tect the aorta starts with the ultrasound probe manually positioned
some centimeters above the belly button, oriented along the body
transversal axis and already in contact with the abdomen. Such an
initialization procedure can be accomplished by non-qualified opera-
tors. Then, the following motion planning strategy consists of activat-
ing the impedance control mode and performing a sequence of mo-
tions to first detect the transverse section of the aorta and then, once
detected, to guide it toward the center of the ultrasound image, so to
have a better ultrasound focus and visualization. The pseudo-code of
Algorithm 1 describes this global/local procedure.

More in detail, the level-1 search is performed by means of the
GridBasedSearching() procedure in which the equilibrium pose of
the end-effector (EE), i.e. the reference pose for the impedance con-
trol scheme, is moved along and around the three Cartesian EE axes
to explore the presence of the aorta in a 3D grid of target poses, cov-
ering a sampled cuboid of configurable length, width and height. It
is worth noting that the consecutive vertical layers of such a grid cor-
respond to incremental values of the force applied to the abdomen of
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Algorithm 1 Aorta Searching Procedure

while true do
while not aorta_detected do
GridBasedSearchingy()
[aorta_detected,coordinates,diameter] = AortaDetection()
end while
while aorta_detected do
GradientRoutine()
ArtificialPotentialMotion()
[aorta_detected,coordinates,diameter] = AortaDetection()
if diff(cost)< € then return diameter
end if
end while
end while

the patient. The second layer of the grid is explored once the search
for the aorta has failed in the first, and so on. The main idea is to
first explore the abdomen with low forces and then, if the aorta is
not detected, the applied forces is increased. This can be required for
patients with high Body Mass Index (BMI), whose aorta detection
in ultrasound images can be challenging. The safety configuration
of the robotic system guarantees compliance with the ISO/TS 15066
standard, where the maximum admissible pressure on different body
parts has been precisely defined [115].

Once the aorta has been detected, a local refining procedure starts
with the aim of, on one hand, moving the aorta toward the center of
the generated image, where the ultrasound achieves a better focused
view and, on the other to orient the ultrasound plane closer to the
orthogonal section of the artery, in which the diameter is higher and
the measure should be acquired. Therefore, it is assumes that the
following cost function to be decreased during the procedure:

¢ = willlw, yul Tl +w2/d (1)

Where xy,yy are the 2D coordinates of the aorta center with refer-
ence to the center of the ultrasound image. d is the aorta diameter.
wi, W, are tunable weights. It is worth observing that x,,, Y., d can
be expressed in mm, after the pixel-to-millimeter conversion.

Then, the procedure is based on the creation of an attractive artifi-
cial potential field as described in [119].

In particular, the attractive artificial potential field U, is defined as
follows:

1
Ua(x) = Skalle(x)| @
where x = [x,y,z, &, B,vI" is the current EE pose, c is the cost to

be decreased. kg > 0 is a tunable proportional gain. The resulting
attractive action can be computed as:

fo(x) = VUq(x) = kac(x)Ve(x) (3)
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with V. = [%...g—f/]T. Such an attractive action can be used to com-

pute the next robot target pose to decrease the defined cost:

Xk+1 = Xk +fq 1 (4)

where the subscript k indicates the current planning step. Therefore,
the path followed by the EE will be the one along which the cost
c decreases, i.e., the path that brings the aorta toward the center of
the ultrasound image. Note that the gradient V. can be estimated
by means of the GradientRoutine() procedure consisting of sequen-
tially moving the robot along and around the three Cartesian axes
and computing how much the cost ¢ varies. Once V. has been esti-
mated, the robot can move to the next pose executing the ArtificialPo-
tentialMotion() following Equation 4 including bounds on maximum
displacements. The procedure stops when the difference of the cost
c computed between two consecutive steps is lower than a certain
threshold e, indicating the fact that a local or global minimum has
been found. It is worth noting that when the detection fails during
the procedure, the first searching loop is restarted. The output of Al-
gorithm 1 is the last measure of the aorta diameter d returned by
AortaDetection() after the pixel-to-millimeter conversion.

It is worth observing that the procedure is limited to measuring the
diameter in a few sections near the initially detected one, replicating
the gold-standard screening performed by medical experts. Although
pathological enlargement typically affects a large portion of the ab-
dominal aorta, to reduce the risk of missing localized aneurysms, the
procedure could be repeated longitudinally across multiple segments.

4.2.1  Experimental setup

The experimental setup is depicted in Figure 25. The main compo-
nent is the KUKA LBR MED 14 [123], a 7-DOF collaborative manipu-
lator certified according to the internationally recognized "IECEE CB
Scheme" to be integrated into a medical product. The robot mounts
the ultrasound probe at the end-effector. The ultrasound scanner used
in the experiments is the Esaote MyLab Alpha system [29], with con-
vex array transducer AC2541 (frequency range: 1 to 8 MHz). Such a
device provides an HDMI output that can be used for real-time ac-
quisition of the ultrasound image stream to be processed. The probe
has been connected to the robot flange by means of a specifically de-
signed 3D-printed case.

The KUKA LBR Med robot is controlled in Cartesian impedance
control mode and communicates with an external PC via a UDP
socket. The stiffness parameters of the inner robot controller have
been empirically tuned to generate comfortable forces when the probe
is in contact with the patient’s abdomen. The PC runs the vision
algorithm as a Python application, which analyzes the acquired ul-
trasound image after each robot motion. The analysis outputs the
identification of the aorta and the distance on the image plane, al-
ready converted to millimeters, between the center of the aorta and
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Figure 25: The experimental setup. A: the ultrasound probe in safe contact
with the patient. B: the KUKA LBR MED Robot. C: The ultra-
sound scanner. D: The GUI with the segmented aorta.

the center of the image. Based on this information, the robot executes
the motion planning algorithm, generating the next target pose for
impedance control. The block diagram of Figure 21 shows the overall
control architecture.

4.2.2  Experimental Assessment of the Robotic System

The experiments consisted of five tests involving five healthy volun-
teers with different body mass indexes (BMI). The probe was ini-
tially positioned by a non-physician operator on the patient’s ab-
domen some centimeters above the belly button. The grid-based level-
1 searching procedure detected the aorta of 4/5 patients exploring the
first layer of the grid, i.e. without increasing the applied force on the
abdomen. In the case of the patient with the highest BMI (Test 4) the
aorta was detected in the second layer of the grid, so applying an ad-
ditional force. Once the aorta has been detected, the gradient-based
level-2 procedure starts, trying to reduce the defined cost c. In all
our tests the system has been able to maintain the detection and to
decrease e until the stop criterion has been reached and the final di-
ameter estimation has been generated. The final distance of the aorta
to the image center, has been always conducted under 25 mm.

The overall duration of single tests depends on the required iter-
ations. Indeed, the test of Patient 2 concluded in 37 seconds with 7
iterations, while the test of Patient 4 required 159 s, with more than
30 iterations. This is mainly due to the need to explore the second
layer of the grid.

The results of the experiments are reported in Table 4.

Finally Figure 26 shows the evolution of the computed cost during
the gradient-based procedure for each of the 5 tests. Note that in Test
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Patient BMI Iter. Iter. Distance| Aorta Time
Level 1 | Level 2 | [mm] | Diame- [s]
ter
[mm]
1 24 8 4 10.6 14.5 62
2 18 3 23.1 16.8 37
3 21 9 9.4 14.1 78
4 28 27 4 21.5 14.6 159
5 20 7 5 10.2 13.5 63

Table 4: The results obtained by performing 5 experiments on healthy vol-
unteers, including the BMI of the patient, the number of required
iterations, the final estimation of the aorta diameter and the dura-

tion of the tests.

3 and in Test 5 one iteration with an increasing cost is obtained. Such
a drawback can be attributed to the unavoidable abdomen motion
during breathing.

Test 1

iterations

Figure 26: The evolution of the cost during the gradient-based motions for
the five experiments.
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4.2.3 Comparative Tests: Robot vs. Expert Sonographer

These experiments aim at evaluating the performances of the au-
tonomous robotic system against those of an expert sonographer. Both
the robotic system and the expert sonographer execute the examina-
tion on the same set of 5 healthy volunteers. For each patient the
time required for the procedure and the diameter measurement have
been recorded. The detailed results are reported in Table 5. It can
be noticed that the robotic system has been slightly slower in return-
ing the measurements. However, its execution time remained within
an acceptable range for the intended application. Above all, the key
parameter of interest, i.e. the aorta diameter measure, remains fully
comparable with those of the expert, used as ground truth value for
calculating the percentage error. In a healthy adult, the abdominal
aortic diameter varies along its length by a few millimeters due to
anatomical differences. Additionally, it fluctuates by a few millime-
ters in response to cardiac pulsation. Overall, a variation of up to
15% is considered physiological. The robotic system produced mea-
surements that can be considered accurate when compared to those
obtained by the expert. Indeed, in all five patients, the percentage er-
ror remained below 15%, confirming the system’s reliability within
physiological variability.

Expert Human Robotic System
Patient | Time Measure | Time Measure Error
[s] [mm] [s] [mm] [%]
1 51 13.1 141 11.4 12.9
2 92 12.2 151 12.2 -
3 35 16.0 55 15.2 5.0
4 47 13.2 55 12.8 3.0
5 39 14.3 99 14.0 2.1

Table 5: Comparison between the robotic system and the expert sonogra-
pher in performing the measurement.

4.3 CONCLUSIONS AND FUTURE DEVELOPMENTS

A preliminary prototype of an autonomous robotic system for the
ultrasound screening of the abdominal aorta aneurysm was devel-
oped and validated. This approach makes use of a deep learning neu-
ral network architecture to detect the aorta in the ultrasound image
and to provide a qualitative measurement of its diameter. While the
aorta segmentation algorithm has demonstrated good performance
during experiments, there are several potential avenues for future im-
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provements. A noteworthy improvement would be the collection of a
larger dataset to further strengthen the robustness of the model, par-
ticularly in accommodating anatomical variations, especially among
pathological patients. Indeed, certain severe aneurysms could reveal
particular aorta shapes, which could require a specific network to be
detected. Regarding this, we have already started collaborations with
medical specialists across the country and have developed a web plat-
form for the anonymous collection of ultrasound examinations. As a
further contribution of this work, a motion planning algorithm for
impedance-controlled robots that makes use of the artificial potential
fields strategy to guide the probe to generate an improved ultrasound
view is proposed. The conducted experiments demonstrated the feasi-
bility of the proposed approach and the correctness of the generated
output in comparison with the measurements performed by an ex-
pert sonographer. Future developments of this work will address the
problem of robustness of the proposed methods with reference to pos-
sible patient motions, mainly due to breathing. Further improvements
of the overall systems could involve the integration of a 6-axis force
sensor on the end-effector to increase the accuracy of the force con-
trol scheme, so to enable the investigation of the optimal probe-tissue
interactions.
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DUAL-LAYER MODEL PREDICTIVE CONTROL
SCHEME FOR COLLISION AVOIDANCE

In Chapter 4, we presented a practical application in which the lim-
ited amount of available real ultrasound data was combined with the
synthetic images generated by the neural network described in Chap-
ter 3 to improve the performance of a robotic arm in autonomously
performing an ultrasound examination. This approach demonstrated
the feasibility of a fully automated screening procedure, reducing de-
pendence on human operators and laying the foundations for dis-
tributed robotic diagnostic applications.

However, the full integration of such systems into clinical or indus-
trial settings requires a broader reflection on the issue of safety and
human-robot coexistence. Even in the case of an autonomous screen-
ing system, the operational environment remains inherently shared
with humans — patients, clinicians, or technical personnel — and it is
therefore essential to ensure predictive and reactive control strategies
capable of avoiding collisions and complying with safety regulations.

In this perspective, the transition from autonomous medical robotics
to collaborative robotics represents a natural evolution of the research
path. The objective thus shifts from merely executing a task autonomously
to doing so safely, adaptively, and cooperatively, under dynamic and
regulatory constraints.

This vision aligns closely with the broader framework of Indus-
try 5.0, which marks a paradigm shift toward more human-centric
manufacturing environments. Unlike Industry 4.0, which focused on
automation and the Internet of Things (IoT), Industry 5.0 emphasizes
the collaboration between humans and machines, promoting Human-
robot interaction (HRI) in shared workspaces [24, 83, 94]. In this new
scenario, robotic systems must ensure safety and adaptability, particu-
larly when working alongside human operators, while efficiently per-
forming tasks according to production needs [127]. The coexistence of
humans and robots requires real-time solutions for dynamic motion
planning, collision avoidance, and compliance with regulatory stan-
dards. A key regulatory requirement is the limitation of end-effector
velocities and accelerations to reduce the risk of injury, as mandated
by safety standards such as ISO/TS 15066 [104].

These technical specifications define the concept of Speed and Sep-
aration Monitoring (SSM). The speed of the robot is adjusted based on
the continuously measured distance to humans. When the distance is
large, the robot can operate at full speed. As the human approaches,
the robot progressively reduces its speed until it stops if the distance
falls below a predefined threshold. The safety distance is computed
considering the robot and human velocities, sensor response time,
and an additional compensation factor for sensor accuracy. SSM of-
fers a balance between safety and performance by enabling robots
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to operate at higher speeds when humans are not in close proximity
[85].

A major challenge in collaborative robotics is enabling robots to
react dynamically to moving obstacles, such as humans, while main-
taining their original task objectives and respecting velocity and accel-
eration constraints. Traditional sampling-based motion planning algo-
rithms, such as Probabilistic Roadmaps (PRM) or Rapidly-Exploring
Random Trees (RRT), and their improved versions such as those pro-
posed in [19, 98, 137], are commonly used to compute collision-free
paths. However, these algorithms are primarily designed for static en-
vironments and cannot easily adapt to fast replanning conditions in
real-time.

Common and well-known techniques for implementing dynamic
collision avoidance are based on Artificial Potential Fields (APF). [27,
53, 118]. The robots move under the action of attractive fields toward
the goal and repulsive fields generated by obstacles. APFs are com-
putationally efficient, so that they can be fast recomputed in real-time
to handle moving obstacles. Typical issues of APFs involve the robot
getting stuck in local minima, particularly when multiple obstacles
are considered. In complex dynamic environments Dynamical Sys-
tems (DS)-based approaches are suitable motion control solutions [66].
They take into account the nonlinear evolution of the robot and of the
obstacles, considered as dynamic systems, to modulate the norm and
direction of the robot velocity to guarantee the absence of collisions.
Noteworthy use-cases of DS-based algorithms spans from mobile [55]
to surgical [113, 120] and industrial robots [54, 56]. However, such ap-
proaches neither consider velocity constraints, due to the physical ca-
pabilities of the robot or to safety reasons, nor task-specific objectives,
resulting in a non-optimized behavior.

Recent researches propose the usage of Control Barrier Functions
(CBF) [36, 38]. This framework ensures that the robot, modeled as a
dynamical system, always remains within a predefined safe region.
Implementing CBFs requires the analytical definition of a specific
function for the system, i.e. the CBF itself, whose synthesis can be
complex because it demands the proof of the invariance of the safe
region with respect to the robot’s dynamics. Once the CBF is defined,
the control input for the robot can be found by solving a constrained
optimization problem. Its solution minimizes the tracking error while
satisfying a CBF-based constraint formula that guarantees the robot
stays within the safe region [3].

All of the above-mentioned control strategies lack of predictive ca-
pabilities, which could be fundamental for achieving smoother and
anticipatory motions. In this direction Model Predictive Control (MPC)
has gained significant attention in recent years as a promising ap-
proach for trajectory optimization in dynamic environments [71]. MPC
can solve a constrained optimization problem at each control step, al-
lowing it to predict future states of both the robot and the surround-
ing obstacles [18]. This predictive capability makes MPC particularly
well-suited for collision avoidance in human-robot shared environ-
ment. However, the high computational cost associated with solving
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nonlinear optimization problems in real-time can remain a significant
limitation, that forces the designer to decrease the prediction horizon
[35] or to approximate the problem using linearization [91].

To overcome these limitations, in this chapter a dual-layer MPC
framework for dynamic collision avoidance in human-shared workspaces
is proposed. In the proposed approach, collision avoidance is ensured
by DS-based modulation, which guarantees that the robot’s trajec-
tory remains safe by reshaping its velocity in real-time conditions.
The MPC is designed to optimize the end-effector velocity, ensuring
compliance with regulatory velocity limits while minimizing the de-
viation from the desired reference trajectory. A predictive model is
used to anticipate the trajectories of both the robot and the human,
facilitating the solution of the optimization problem so to improve
both reactivity and task performance.

DS-based modulation is adopted as a lightweight mechanism that
guarantees collision avoidance at each control cycle independently of
the MPC while avoiding the additional modeling and computational
complexity that CBF-based formulations would introduce into the
already nonlinear, predictive optimization problem. The dual-layer
architecture, comprising the two MPC layers with the DS-based mod-
ulation, is specifically designed to address the computational chal-
lenges of standard MPC approaches. The first layer utilizes an aug-
mented Lagrangian solver, which provides accurate solutions for the
full nonlinear optimization problem but at a higher computational
cost. The second layer approximates the nonlinear cost function as a
Quadratic Program (QP) problem, which can be solved much faster.
This hierarchical structure allows the robot to combine the accuracy
of the first layer with the speed of the second layer, ensuring real-time
performance without compromising safety or task efficiency.

Extensive experiments, both in simulation and real-world environ-
ments, demonstrate that the proposed dual-layer strategy significantly
improves performance compared to stand-alone DS modulation and
single-layer MPC. The results show that the dual-layer MPC achieves
better trajectory tracking, safety, and reactivity in dynamic environ-
ments, making it well-suited for applications in collaborative robotics
and Industry 5.0 scenarios. This approach represents a step forward
in enabling intelligent, human-aware robotic systems that can operate
safely and efficiently in shared workspaces.

The remainder of the chapter is organized as follows: Section 5.1
introduces the overall control architecture; Section 5.2 recalls the DS-
based modulation strategy for collision avoidance; Section 5.3 presents
the dual-layer MPC scheme; Section 5.4 provides more details on the
adopted solvers for the optimization problems; Section 5.5 describes
the comparative experiments and their results; Section 5.6 draws the
final conclusions and suggest further research directions. The overall
architecture is depicted in Figure 27.
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Figure 27: The dual-layer architecture.

5.1 PROBLEM STATEMENT AND CONTROL ARCHITECTURE

ee

The robot has to fulfill a task defined in Cartesian Space in terms

of a desired trajectory for the End-Effector (EE), including position,
orientation and their first-order time derivatives, as in a typical in-

dustrial pick-and-place application. According to the guidelines of

SSM humans who are sharing the robot workspace are continuously

monitored by means of exteroceptive sensors, e.g. optical trackers or

RGB-D cameras [37], [140]. Sensor fusion algorithms can further im-

prove the estimation of the relative distance between the robot and
humans, as described in [34]. In particular, humans are considered
a grouped set of capsules wrapping the main anatomical structures
with stand-alone rigid body properties, e.g., the thorax, the head, the
left and right hands, arms, and legs. At each control cycle, only the
capsule of the human that is closest to the robot is considered in the
proposed algorithm. In future work, the predictive model could be

extended to consider all capsules composing the obstacle simultane-

ously, enabling a more accurate and optimal representation of human

geometry. On the other hand, a capsule is considered for the robot,
which wraps the end effector (EE) and the associated tool, as it rep-

resents the part of the robot most likely to collide. The 26 required
variables are grouped in the vector x representing the state of the

considered dynamical system:

ee ee ee

ee ..obs _obs _o
X:[P Q9 vV ,w T, p /9 4

bs’wobS]T

(5)

Where the superscripts obs mean obstacle and should be understood
as the reference point of the capsule of the human that is currently
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Figure 28: The human-robot shared workspace. The EE is wrapped into a
capsule, as well as the part of the human that is currently closest
to the EE. Such a capsule within the proposed algorithm is con-
sidered as the obstacle to be avoided by the robot.

closest to the capsule of the robot, and the superscript ee indicates
the robot end effector. p is the position, q is the unit quaternion, v is
the linear velocity and w is the angular velocity. The bold symbols in-
dicate vectors or matrices. The superscript T is the transpose operator.
An example of the scenario is shown in Figure 28.

The reference input of the system is the vector containing the de-
sired pose and velocities for the EE, i.e.:

d d [

X = pee’ qeelvee’wee]T (6)

where the superscript d indicates the desired values.

It is assumed that the robot controller receives as input the EE twist
command and replicates it with negligible error and delay. Such a
command contains the linear and angular velocity generated by the
external control loop, namely:

u=[u,u®]’ (7)

where uV is the linear velocity command while u® is the angular
velocity command.

The addressed problem is defined as finding the robot velocity com-
mand u that guarantees to avoid the collision with the moving obsta-
cle represented by the closest capsule of the human and at the same
time does not significantly penalize the fulfillment of the desired task
dx as is treated as a soft objective and not as a hard constraint.

The proposed motion planning algorithm aims to integrate the reac-
tive capabilities of DS-modulation with the predictive optimization of
an MPC framework that includes a dual-layer architecture, increasing
the opportunity to find optimized commands within a short control
loop time. In more detail, the dual-layer architecture is implemented
as depicted in Figure 27.

The main idea is the implementation of two layers that run as par-
allel processes at different rates. Both layers are aware of the scene
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condition, i.e., in each control cycle they know the robot and of the
obstacle state x. Such information can be further elaborated to com-
pute the spatial position of the points p1,p2 belonging respectively
to the robot and to the obstacle capsules that are currently closest to
each other. Then, the minimum distance d between the robot and the
human can be computed as:

d=llp1 —p2ll (8)

The two layers solve the same MPC-based optimization problem
but employ different solving algorithms: Layer 1 utilizes the ALM,
while Layer 2 adopts Sequential Quadratic Programming (SOP). The
aim of the problem is to determine the linear and angular velocities
of the point p;, which, once modulated by means of the DS-based
algorithm, remapped to EE will be and provided as the velocity com-
mand to the robot, will minimize a cost function that accounts for de-
viations from the reference trajectory over a finite prediction horizon,
while complying with defined constraints on the EE velocity norm.

Such reference trajectory for Layer 1 is given by the desired veloci-
ties 9v,4 w. Conversely, Layer 2 tracks the most recent output of Layer
1, denoted as:

Uy =y, yeol,

which is kept constant until a new solution is generated by Layer 1.
Additionally, Layer 1 derives the reference pose by integrating !'y.

The output of Layer 2 then is used as the actual control signal for
the system. In particular its linear velocity component undergoes DS-
based modulation to ensure collision avoidance and is then mapped
to EE coordinates to command the robot, together with the angular
velocity output from Layer 2, that does not necessitate coordinate
remapping. The modulation therefore acts on the translational mo-
tion of a point in Cartesian space and not on the rigid-body motion
of the end-effector as a whole. For this reason, the angular velocity
of the end-effector is not directly involved in the collision avoidance
mechanism and is not subject to DS-based modulation.

5.2 DS-BASED MODULATION

In this work the DS-based collision avoidance algorithm of [54] is
used, with some adaptations to the use-case of a robotic manipulator
acting inside a human-populated workspace. The method considers
an agent, i.e. a reference point of the robot moving in a 3D Cartesian
space, whose velocity evolves according to a time-invariant first-order
dynamics. Then, each control loop such velocity is modified in terms
of amplitude and direction, by means of a so-called modulation ma-
trix computed on the basis of the obstacle shape, position and velocity.
Such an operation can guarantee the absence of collisions for the next
control loop. More in detail, the role of the agent is taken by p; the
point of the capsule wrapping the EE that is currently closest to the
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obstacle. The choice of using p1 as the robot reference point for the
modulation, instead of the EE increases the reactivity of the system
when the obstacle approaches. However, being part of the same rigid
body as the EE itself, by means of geometric transformations the com-
puted modulated velocity can be mapped to the EE and provided to
the robot EE. On the other side, the role of the obstacle is assumed by
the capsule wrapping the part of the human that is currently closest
to the agent.

In this use case, the agent’s evolution when no obstacle is nearby
can be modeled as the following first-order dynamics:

°fpy =4 vy ()

where °'p; is the obstacle-free agent velocity, that is equal to its de-
sired velocity 9vy, i.e. the input of the dynamic system, assuming
that the robot control system can track the commanded velocity with
negligible errors.

Obstacles must be described using a continuous distance function
I'(p1), which categorizes points in space:

I'(p1) > 1 agent outside the obstacle, (10)
I'(p1) =1 agent on the boundary of the obstacle, (11)
I'(p1) <1 agent inside the obstacle. (12)

This function depends on the shape of the obstacle. In case of cap-
sules I is smooth and monotonically increases with distance from the
obstacle’s center.

r(p,) = Be=P1y2 (13)

Where 1 is the radius of the capsule and pq is the point belonging
to the axis of the capsule that is closest to the agent. The expression
(13) derives from the representation of the capsule as a cylinder with
hemispheric terminations or as a sequence of overlapping spheres
translating along the axis direction. Figure 29 shows the agent and
the capsule-shaped obstacle.

Then, obstacle avoidance is achieved by modulating the dynamics
of the agent with:

p1 = M(p1)ivy (14)

M is the so-called modulation matrix deriving from the following
diagonalization:

M(p1) = E(p1)D(p1)E" ' (p1) (15)

E is a basis matrix whose columns are the normal vector n(p) to
the capsule and the orthogonal tangents e > (p1) to the surface in the
point of minimum distance from the agent, which can be computed
as a function of T

E(p1) = In(p1),e1(p1),e2(p1)] (16)
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Figure 29: The representation of the agent and the capsule-shaped obstacle
for the DS-based collision avoidance algorithm.

The plane identified by e ; is tangent to the obstacle surface and nor-
mal to the minimum distance line. It represents a deflection plane for
the agent. D is a diagonal matrix whose elements, i.e. the eigenvalues
of M determine how the agent deviates along each direction to not
penetrate the obstacle:

D(P1 ) = diag()\n/ }\61 7 )\92) (17)

The modulation ensures that the velocity component in the direc-
tion of the obstacle is reduced while enhancing motion in safe di-
rections. Ay, is reduced as the agent approaches the obstacle, up to
removing the velocity in the direction of the obstacle, while A, , in-
crease their values to enhance the motion along safe directions.

For moving obstacles, the modulation is applied in the obstacle’s
reference frame:

pP1 = M(P1 )(dv1 - po) + Po, (18)

where p,, represents the linear velocity of the obstacle reference point.

This formulation ensures that the robot adapts dynamically to avoid

moving obstacles while tracking its original desired trajectory. The

DS-based method handles multiple obstacles by computing a weighted
combination of individual obstacle modulations. Each obstacle gener-
ates a local modulation matrix, and the final output is determined by

interpolating these effects using weights based on the distance func-
tion I'. This framework ensures real-time obstacle avoidance while

preserving stability and convergence. It is computationally efficient

and applicable in industrial and autonomous navigation scenarios.
Unlike traditional motion planning approaches, which may require

re-planning in dynamic environments, this method offers a reactive

control strategy that continuously adjusts the trajectory.

However, such a method presents some drawbacks because it does
not account for motion constraints such as safety velocity limits or
restricted areas. Additionally, it does not incorporate predictions of
either the obstacle’s or the agent’s movement. To address these limita-
tions, it is proposed to integrate this approach within an MPC-based
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optimization framework, allowing for better constraint handling and
more efficient tracking.

5.3 MPC-BASED OPTIMIZATION

The core idea behind both layers of the proposed Model Predictive
Control (MPC) scheme is to determine the optimal input velocity
for the modulation algorithm. This ensures that the output velocity,
which will be used as the robot’s control command, optimizes a suit-
able predictive cost function while respecting imposed constraints. In
this work both layers solve the same MPC-based optimization prob-
lem, but with different configurations in terms of input parameters
and solving algorithms. The analytical cost function, which involves
the prediction of the state dynamics, is the same for both layers. In
particular, the adopted dynamic model incorporates the evolution of
the robot’s representative point, i.e. the EE, and of the obstacle’s repre-
sentative point. This ensures that the optimization accounts for both
entities” future trajectories, allowing for anticipatory motion planning.
The dynamic model that describes the discrete-time evolution of the
state x is computed by means of the following non-linear function:

ee _ ee ee

Pri1 =Pk +Vv°T
1, ,ee

RS = qr @er<i T

ee  _ NP14V ee ee pl

vigr = Mplug +wi® < (pe—py )

ee __ _.w
Wi1 = Uy

(19)
pRYY = pRos +vOeT
1 ,obs
aR}y = aR”e @ ez kT
obs __ _obs
Vi1 = Vi
obs obs

Wi+l = Wi

Where the symbol ® is the quaternion product operator. The sam-
ple time T is different when the model is associated to Layer 1 or
Layer 2. k is the current sampled instant.

The proposed model assumes a constant velocity of the obstacle in
subsequent time steps. This model is a simplification, and the work
can be further refined by integrating advanced predictive techniques
for human motion prediction [13]. The EE of the robot changes its po-
sition according to the modulated velocity command, taking into ac-
count that M is applied to u”, i.e. the velocity of py, and then mapped
into the EE velocity. The orientation of the EE evolves as a function of
the angular velocity command u®. Therefore u” and u® are the in-
puts of the dynamic system. The evolution of the obstacle considers
constant linear and angular velocity. It is worth noting that in 19 the
quaternion evolution is computed by means of the quaternion expo-
nential formula, as described in [33]. It can be noticed the presence
of several non-linear expressions, including the orientation dynamics
and the modulation of the linear velocity.

Such a model is exploited in the predictive cost function of the
MPC optimization problem, which is formulated as:
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ph
@t = argmin : Z (wvllvﬁii(u) —" Vil +
u i=1 (20)

FwpllpgS s (u) " preril?)

Where ph € N is the prediction horizon: a parameter that strongly
impacts on the system performances, so that it has to be finely tuned
as described in Section 5.5. w, and w, are the weights associated
respectively with the velocity and position tracking errors. The refer-
ence "v and "p are equal to the desired linear velocity and position
for Layer 1. In Layer 2 "v is part of the solution of the Layer 1 opti-
mization, while "p is derived by integration of the same variable.

Therefore, the main idea is to find the velocity command that min-
imizes the weighted sum, over a certain prediction horizon of the
velocity and position tracking errors, predicted by means of the dy-
namic system model. The optimization problem is enriched by a set of
constraints that have to be respected. In this work constraints on the
norm of the EE linear velocity at the next time instant are considere.
However, further constraints, e.g. on EE position or acceleration can
be straightforwardly inserted. The constraints considered in this work
are expressed as:

Hvliﬁ-] Il < Vmax (21)

where vimax can be defined taking into account the ISO/TS 15066 spec-
ifications as well as the velocity of the obstacle.

5.4 SOLVERS
5.4.1 Introduction to Nonlinear Constrained Optimization
Nonlinear constrained optimization focuses on finding the minimum

(or maximum) of an objective function f(u) : R™ — R subject to equal-
ity and/or inequality constraints. Formally, the problem is defined as:

min f(u)
ueR™
subject to hi(u) =0, i=1,...,m, (NLP)
gj(u) <0, j=1,...,p.

where u € R™ is the vector of decision variables, while h;(u) and
gj(u) represent the equality and inequality constraints, respectively.

5.4.2 Newton’s Method

Before outlining the algorithms applied to the MPC problem, it is nec-
essary to describe the basic Newton’s method. This is a well-known
iterative technique used in non-linear unconstrained optimization to
find the zeros of a function. Let a twice differentiable function f(u)
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and an initial point up be given. At each iteration s the current solu-
tion is updated, obtaining a new point us1 = us +d, where d is the
step that has to be computed.

The second-order Taylor’s expansion of the function around ug is:

f(usy1) ~ flug) + V(us) 'd+ %dTVZf(us)d

where Vf(us) and V2f(ug) are the gradient and the Hessian matrix
of f at ug, respectively. If V2f(us) is positively defined, the quadratic
approximation is a convex function of d, and its minimum can be
found by setting its gradient to zero:

Vi(us)" + V2 f(us)d = 0. (22)
Solving for the step d, we obtain the update rule:

it = us— [V2f(us)] ' VH(u). (23)
Newton’s method converges rapidly near a local minimum when

the function is smooth and the Hessian is positive definite.

5.4.3 Karush-Kuhn-Tucker (KKT) Optimality Conditions

The Lagrangian function associated with the optimization problem
(NLP) is defined as:

m P
LA p)=f(w)+) Avhi(u)+ ) ujg;u), (24)
i=1 j=1

where A; and p; are the Lagrange multipliers corresponding to the
equality and inequality constraints, respectively. These multipliers
can be seen as a penalty in the objective function for each violation of
the constraints h;(u) and g;(u).

For constrained optimization, the Karush-Kuhn-Tucker (KKT) con-
ditions [70] provide necessary (and, under certain conditions, suffi-
cient) criteria for optimality. The KKT conditions are:

1. Stationarity: VoL (u*, X*, p*) = 0.
2. Primal Feasibility: hi(u*) = 0 and g;(u*) <0, Vi, j.
3. Dual Feasibility: u; >0, V.

4. Complementary Slackness: u}" gj(u*) =0, vj.

5.4.4 Sequential Quadratic Programming (SQP)

SQP is an effective iterative method to solve non-linear constrained op-
timization problems [10]. It integrates the ideas of Newton’s method
and KKT conditions by solving a series of QP subproblems that ap-
proximates the original problem (NLP) around the current point us.
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The objective function of the QP is an approximation of the La-
grangian function obtained by a second-order Taylor expansion, while
the nonlinear constraints are linearized about ug.Therefore, The QP
subproblem is formulated as:

1
mdin vuL (u51 ASI Ns)Td + EdTBsd/

subject to  hj(us) +Vhi(us)'d=0,i=1,...,m, (QP)
gj(us) + Vgj(us)'d <0, j=1,...,p.

where B; is a matrix approximating the Hessian of the Lagrangian
V2.L(us, As, ps). In practice, By is often updated using quasi-Newton
methods (e.g., BFGS). Actually, the most common formulation of the
QP subproblem found in the literature replaces the gradient of the
Lagrangian with Vf(us).

The QP subproblem is solved using standard quadratic program-
ming techniques (such as active-set methods or interior-point meth-
ods). Given an initial point ug and initial estimates for the multipliers
Ao and po, the solving process follows these steps:

¢ Formulate and solve the current QP subproblem to obtain a
search direction ds and optimal multipliers )\SP and HSP.

* Determine an appropriate step size «s and update current solu-
tion and estimates for the Lagrange multipliers:

Usp 1 =ug + (XSdSI
)\s+1 =As + (Xs(}\gp —Xs),

Hsi1 = s + O‘s(ﬂgp

— Ms ).
The process stops if || VL (us4+1, Ast1, s+1)]| < € and the constraints
are satisfied within the tolerance.

Although the KKT conditions are not explicitly written in the for-
mulation, they are inherently enforced in the optimality conditions of
the QP subproblem.

5.4.5 Barrier and Augmented Lagrangian Methods

Optimization techniques for constrained problems include Barrier
Methods, that introduce a barrier function that prevents the violation
of constraints by adding logarithmic terms, and ALM that uses both
Lagrange multipliers and quadratic penalty terms to enforce con-
straints. The specific ALM method used in this work combines as-
pects of these approaches via the Modified Barrier-Augmented La-
grangian (MBAL) method described in [44].
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The MBAL function integrates a modified barrier term (for inequal-
ity constraints) and an augmented Lagrangian term (for equality con-
straints):

P
Fu,v,0,k) =f(u) — % > viln(kgi(u)+1)
i=1

q
— > 65h;(u)+ % > h(u)

j=1 j=1

(MBAL)

where k is the barrier-penalty parameter, while v; and 0; are the
multipliers for inequality and equality constraints, respectively.

Unlike classical penalty and barrier methods, MBAL provides a well-
conditioned optimization landscape, ensuring smooth transitions be-
tween feasibility and optimality. This function has well-conditioning
properties even for large values of the penalty parameter k and is
suitable for Newton-based solvers due to differentiability properties.

The ALM algorithm initializes the process by choosing an initial
guess up, multipliers vg, 8p, and parameter ko. at each iteration, the
steps performed are:

¢ Solve the unconstrained problem:

U1 = argmin F(u, v, 65, ks). (25)
u

¢ Update multipliers:

Y
ksg(usy1) +17 (26)
0511 =05 —ksh(us1)

Vsy+1 =

and increase k; if necessary.

The process stops if gradient norms are below a tolerance.

5.4.6 Comparison: SQP vs ALM

While SQP solves a sequence of QP subproblems, including linearized
constraints, ALM transforms constraints into a MBAL function and ap-
plies unconstrained minimization techniques. SQP is well-suited for
problems with smooth constraints and converges quadratically near
a solution, but it may struggle with non-smooth or highly nonlin-
ear constraints. Therefore, it is appropriate when high accuracy is
required and constraints are well-defined.

Instead, ALM handles inequality constraints smoothly with barrier
terms and avoids explicit constraint handling, reducing computational
burden. Differently from SQP, it requires to tune dynamically the
barrier-penalty parameter k. ALM is more suitable for problems with
complex inequality constraints or when an unconstrained solver is
preferable.

In this work, the ALM algorithm was chosen for the first layer of the
architecture, and the SOP method was selected for the second layer.
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The former, exploiting the MBAL function, accounts for the high com-
plex and non-linear nature of out objective functions, yielding a good
quality solution. The latter, using this solution as a starting point, con-
verges quickly to an optimal or near-optimal solution, tacking into
account feasibility constraints.

The second layer is faster, and the inherent problem is solved many
times starting from an identical starting point provided by layer 1.
This is reasonable, since these subproblems refer to states of the sys-
tem that are very close in time. Moreover, in the practical implemen-
tation, a sufficiently small timeout is set for both layers; if the algo-
rithm does not converge within this time, the best solution found is
returned.

5.5 EXPERIMENTS

Firstly the control architecture is tested using Hardware-In-the-Loop
(HIL) simulations [90], with the aim of evaluating the proposed method
by comparing its performance across different parameter configura-
tions and against the single layers and the standalone DS-based mod-
ulation, under reproducible conditions. For this purpose, the dual-
layer MPC scheme has been implemented using the Robot Operat-
ing System (ROS) framework [69] to control the Franka Emika Panda
Robot [47]. The proposed architecture comprises two ROS nodes oper-
ating in parallel, each corresponding to one layer of the MPC scheme,
which communicate via the publisher-subscriber mechanism. The ob-
stacle data are retrieved from a topic updated by a further node that
moves a virtual obstacle along a linear trajectory. Alternatively, for the
experiments under real-world conditions, such node interfaces with a
real-time tracking system (OptiTrack V120 Trio). The two ROS nodes
run at different rates as discussed in Section 5.1. The node responsi-
ble for executing the first layer operates with a non-constant loop rate,
which depends on the computational time required by the nonlinear
solver. However, the solver has been provided with a timeout, ensur-
ing a maximum execution time of 0.5 s per iteration. Conversely, the
node handling the second layer and modulation executes at a fixed
loop rate of 10 ms. The associated solver within this node is con-
strained by a strict timeout of 10 ms. The node handling the obstacle
publishes pose updates every 15 ms, providing timely environmental
awareness. In these experiments, a sphere with a 0.1 m diameter is
considered, wrapping both the virtual obstacle and the human hand.
The robot controller operates at a frequency of 1 kHz. Consequently,
the velocity command produced by the second layer is kept constant
and integrated for 15 control cycles of the robot to maintain synchro-
nization with the 15 ms loop rate of the higher-level control node. The
robot task consists of moving the EE along a desired linear trajectory
between two points with constant desired linear velocity whose norm
has a value of 0.04 m/s.

It is worth observing that in all of the conducted experiments, due
to the specific reference trajectory, the motion of the obstacle, and
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the considered capsule dimensions, the applied control schemes had
a negligible effect on the rotational variables. The EE orientation re-
mained nearly constant, while its angular velocity resulted close to
zero. Therefore, the following analysis will focus exclusively on the
linear variables.

5.5.1 Virtual Obstacle

5.5.1.1 DS-based modulation

in the first experiment the dual-layer control scheme has been deac-
tivated: the robot is controlled by means of the desired velocity that
directly undergoes the modulation procedure. The results of the ex-
periments are shown in Figure 30. It can be noticed that the norm
of the EE velocity is close to the desired value when the minimum
distance between the EE and the obstacle capsules is large. When the
obstacle approaches the DS-based modulation algorithm intervenes
by accelerating the EE toward safe directions. Indeed the minimum
distance decreases its negative slope up to the obstacle avoidance.
However, during the maneuver, the velocity of the EE has exceeded
the safety limits of 0.25 m/s. This is due to the lack of both constraint
handling and predictive capabilities of the DS-based algorithm.

5.5.1.2 Layer 1 standalone, ALM solver

in this experiment the output of the first layer directly commands the
robot. The MPC cost function has been configured with a prediction
horizon of ph = 1,10, 50 samples. The optimization problem is solved
using ALM algorithm. Figure 31 shows the minimum distance and
the velocity norm obtained in the experiments. Table 6 reports the per-
formance metrics that include the mean computational time dt and
the root mean values of cost and velocity and position tracking er-
rors, namely Crms, €/ el . As the prediction horizon increases, the
system reacts earlier to the approaching obstacle. Indeed, for larger
Ph, the minimum distance curves tend to remain higher on average,
while the norm of the end-effector velocity exhibits a smoother trend,
that emerges earlier in time with lower peak values. It can be no-
ticed that the constraint on the maximum velocity is always satisfied.
Moreover, the beneficial effect of increasing the prediction horizon is
also highlighted in improved tracking of the desired trajectory, both
in terms of position and velocity, leading to a lower average cost in
the optimization problem. However, this improvement comes at the
expense of an increased computational time.

5.5.1.3 Layer 2 standalone, SQP solver

in this experiment Layer 1 has been deactivated and Layer 2 has
been directly fed with dy d as the reference for the optimization
problem. The results of the comparative analysis performed among
ph = 1,10,50 samples are shown in Figure 32 and Table 7. By em-
ploying the SQP solver, the average computation time is significantly
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Figure 30: Results for direct velocity modulation without the dual-layer
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ph dt Crms ¥ [ ] eb sm]
1 0.0581 0.5118 0.0558 0.0905
10 0.2281 0.4907 0.0702 0.0529
50 0.4459 0.2025 0.0503 0.0673

Table 6: Layer 1 using ALM solver: comparison among different configura-
tions of the ph parameter, in terms of computational time, cost and
tracking errors.

lower than that obtained with ALM. This reduction in computational
cost also impacts tracking performance, which remains comparable
to the previous experiment regardless of the approximation of the
problem and, in some cases, even improves. The obstacle is avoided
with an increasingly anticipatory motion as the prediction horizon
expands. The constraints on the norm of the end-effector velocity are
always satisfied. However, it is worth noting that for ph = 50, the av-
erage computation time would exceed the imposed timeout of 15 ms.
As a result, the provided solution is sub-optimal, which explains the
higher cost compared to cases with a smaller number of prediction
samples.

ph dt Crms €ims| s ) e slml
1 0.0097 0.6372 0.0513 0.1155
10 0.0145 0.1832 0.0358 0.0318
50 >0.015 0.2389 0.0497 0.0550

Table 7: Layer 2 using SQP solver with Layer 1 deactivated: comparison
among different configurations of the ph parameter, in terms of
computational time, cost and tracking errors.

Both Table 7 and Table 6 show that the error does not follow a de-
creasing trend as the cost does. This behavior is due to the predictive
nature of the optimization: as the horizon increases, the MPC increas-
ingly prioritizes anticipatory behavior, safety margins, and long-term
trajectory optimization rather than short-term tracking accuracy. As
a result, the solution may sacrifice tracking of the target in favor of
globally optimal and safer trajectories, leading to a lower cost but at
higher tracking error.

5.5.1.4 Dual-Layer MPC, ALM and SQP solvers

in the latest experiments that consider a virtual obstacle, the dual-
layer MPC scheme has been activated, with the number of prediction
horizon samples for Layer 2 fixed at 10. This choice was made after
having verified that 10 samples represent the maximum number for
which the computational time remains below 15 ms for each external
control loop. The comparative analysis has been carried out by con-
sidering two different prediction horizons for Layer 1: first with 10
samples and then with 50 samples.
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Figure 32: (a) Minimum human-robot distance and (b) norm of the EE ve-
locity when Layer 2 is directly fed by the desired velocity as ref-
erence, with Layer 1 deactivated.
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The results obtained in both cases comply with the imposed con-
straint on the norm of the velocity and exhibit a lower root mean
squared cost compared to all experiments with a single active layer.
This demonstrates that the dual-layer architecture facilitates the op-
timization process in finding a solution that outperforms the one
obtained making use of standalone MPC strategies. In addition to
distance and velocity norm analysis, a 3D visualization of the end-
effector trajectory and the desired reference trajectory is depicted in
34 with the corresponding position error 35. Figure 33 shows the evo-
lution in time of the minimum distance and of the EE velocity norm.
Table 8 reports the obtained cost and tracking errors.

Ph_l Ph_Z Crms e¥m5 [m/s] ell?ms [m]
10 10 0.1412 0.0377 0.0252
50 10 0.1678 0.0599 0.0215

Table 8: Layer 2 using SQP solver with Layer 1 deactivated: comparison
among different configurations of the ph parameter, in terms of
computational time, cost and tracking errors.

5.5.2 Real-world conditions

In this experiment, the virtual obstacle was replaced with a physical
obstacle represented by a human hand. The hand was tracked using
the OptiTrack sensor, whose reference frame was aligned with that
of the robot through a calibration procedure utilizing optical mark-
ers placed at a fixed reference position. The experimental setup is
depicted in Figure 36.

Initially the dual-layer MPC scheme has been deactivated. Only
the modulation of the EE control the robot movement to avoid the
collision. As demonstrated by the virtual obstacle experiments, the
lack of predictive and constraint handling capabilities of the DS-based
algorithm causes the overstep of the desired limits in terms of EE
linear velocity norm. Indeed as shown in Figure 37 the avoidance of
the hand is achieved by rapid accelerations and high velocity, often
beyond the defined limits.

Finally, the dual-layer MPC scheme was activated, with a predic-
tion horizon of 10 samples for both layers. The experiment was re-
peated 10 times, during which the human performed a repetitive se-
ries of unexpected movements with comparable dynamics, bringing
their hand closer to the robot’s end-effector. Collision avoidance was
successfully achieved in all trials while respecting the velocity norm
constraints. Indeed, it was not necessary to stop the robot due to an
overstepping of the minimum safety distance or a failure in the opti-
mization process. The results of the experiment are depicted in Figure
38.
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Figure 36: The experimental setup. (A) Optical tracker; (B) PC executing the
DLMPC control scheme; (C) the robot; (D) the EE; (E) optical
markers for human; (F) fixed optical markers for registration; (G)
human arm.

56 CONCLUSIONS AND FUTURE DEVELOPMENTS

In this chapter a dual-layer MPC framework for dynamic collision
avoidance in human-robot shared workspaces is proposed. The pro-
posed control architecture integrates a DS-based modulation strategy
with a two-layer MPC scheme, allowing for anticipatory motion plan-
ning while enforcing constraints on velocity norms. The first layer
employs an ALM solver to solve a nonlinear constrained optimization
problem with high accuracy, while the second layer uses a SQP solver
to achieve real-time performance. The hierarchical structure of the
control scheme enables the robot to adaptively balance computational
efficiency and control accuracy, making it suitable for real-world col-
laborative robotics applications. Extensive experiments conducted in
both simulation and real-world conditions validated the proposed
control scheme, demonstrating that the dual-layer MPC approach en-
hances the safety and the tracking accuracy compared to single-layer
MPC and standalone DS-based modulation. The results highlight that
increasing the prediction horizon improves anticipatory behavior and
trajectory tracking, though at the cost of higher computational time,
requiring a trade-off to ensure real-time feasibility. The introduction
of a second layer allows for a faster update rate while preserving
predictive advantages, ensuring robust performance in dynamic en-
vironments. The proposed scheme effectively avoids collisions while
consistently respecting the imposed velocity constraints, as demon-
strated in real-world experiments where a human hand was used as
an unexpected moving obstacle.

Several challenges for future development can be addressed. The
computational efficiency of the optimization problem could be fur-
ther investigated by adopting alternative solvers, based on heuristic
methods or genetic algorithms. Another key area of interest is the
extension of the optimization problem by taking into account mul-
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tiple constraints, e.g. on the EE acceleration or jerk to improve the
smoothness of the generated motion. Furthermore, it may be also ex-
plored the inclusion of multiple obstacles and biomechanical human
motions in the predictive model for improved behavior forecasting.

In conclusion, we believe that the proposed dual-layer MPC scheme
could enhance motion planning capabilities in shared workspaces to-
ward more human-centered robotic systems in Industry 5.0 environ-
ments.
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The work presented in this thesis systematically addressed the issue
of data scarcity in the context of autonomous systems applied to in-
dustrial and medical domains. The main objective was to explore how
the generation of synthetic data and the enhancement of its realism
could mitigate the limitations posed by the limited availability of an-
notated datasets, enabling the development of robust, reliable, and
scalable autonomous solutions.

Chapter 2 analyzed one of the main challenges in using perception
algorithms for autonomous navigation in industrial environments:
the strong dependence on the quality and variety of data used dur-
ing training. It became clear that deploying autonomous driving so-
lutions requires real operational conditions to reflect, at least in part,
those encountered during training. Specifically, it was observed that
collecting data under heterogeneous weather conditions—such as rain,
fog, or snow—is essential for obtaining datasets that accurately repre-
sent the complexity the environments. However, this data collection
is often costly, difficult to plan, and practically unfeasible on a large
scale. To address these needs, a neural network was proposed that
realistically perturbs data generated by a simulator, applying atmo-
spheric noise consistent with real physical phenomena. Experiments
demonstrated that the proposed model is capable of generating cred-
ible and coherent synthetic data, expanding the dataset coverage and
improving the generalizability of perception algorithms. This result
confirms the effectiveness of synthetic data generation as a tool to
bridge the gaps in modern industrial datasets.

Chapters 3 and 4 addressed a very different context, but one char-
acterized by the same underlying issue: the scarcity and limited avail-
ability of medical data. In the case of medical applications, however,
these limitations arise from privacy concerns and operational diffi-
culties in data collection and labelling. In this part of the thesis, it
was highlighted that medical datasets, particularly in the field of
ultrasound, are too small and not sufficiently diverse to train deep
learning models for autonomous robotic systems. The synthetic gen-
eration of ultrasound images was therefore proposed as a solution
to significantly expand the availability of useful data. The developed
techniques enabled the creation of a high-fidelity synthetic dataset,
which was subsequently validated through the training of segmenta-
tion networks and their evaluation on real data. The results showed
a clear improvement in performance compared to models trained
exclusively with real data, confirming the validity of the approach.
These advancements were practically applied in the robotic system
presented in Chapter 4. An autonomous robotic arm was developed
that is capable of performing ultrasound exams with high precision,
repeatability, and execution times comparable to those of expert oper-
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ators. This result paves the way for the development of new method-
ologies for large-scale screening campaigns, reducing the reliance on
specialized personnel and facilitating access to diagnostic services in
resource-limited settings.

Chapter 5 addressed another crucial aspect for the real-world im-
plementation of autonomous robotic systems: the safety and efficiency
of movement in environments shared with humans. To this end, a
dual-layer variant of Model Predictive Control (MPC) was introduced,
designed to provide more accurate predictive capabilities and robust
collision management in dynamic and unstructured spaces. The pro-
posed strategy allows the robot to anticipate the presence of obstacles
and plan safe trajectories while simultaneously adhering to kinematic
and dynamic constraints. This solution integrates naturally with the
robotic application described in Chapter 4, offering an additional
layer of safety that is essential for the future adoption of such sys-
tems in real clinical settings.

In conclusion, the work presented demonstrates how the combi-
nation of synthetic data and advanced control techniques can be a
fundamental element in making autonomous systems more reliable,
generalizable, and truly applicable in the complex contexts of the real
world.
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APPENDIX

This appendix presents technical details related to the Unity Engine
used in the development of the industrial environment simulator
and the virtual LiDAR simulation, which were previously omitted
in Chapter 2.

A.1 VIRTUAL LIDAR

LiDAR is a sensor that provides geometric information about the sur-
rounding environment by generating a point cloud. There are various
methods to simulate LiDAR in a virtual environment, some of which
rely on the physics engine using raycasting, while others leverage
the GPU’s parallel processing capabilities to accelerate point cloud
generation. The proposed implementation utilizes the Depth Buffer,
a data buffer that stores depth information for each pixel, as shown

in Fig.30.

Texture2D<float> DepthMap; // Depth buffer from render pipeline, of size WxH
single channel
RWStructuredBuffer<float3> PointCloud; // List of points

// Buffer of parameters:

CBUFFER_START (Once)

float _longitudinalStep; // longitudinal step (rad)
float _latitudinalStep; // latitudinal step (rad)
float _90PlusHalfHFOV; // saving some math

float _90MinusHalfVFOV; // saving some math

float _tanHalfHFOV; // saving some math

float _tanHalfVFOV; // saving some math

float _layers; // number of vertical layers
float _pointViewdPerLayer; // points count every layer
float _farPlane; // camera far plane

float _nearPlane; // camera near plane

int _textureWidth; // depth texture width

int _textureHeight; // depth texture height
CBUFFER_END

[numthreads(64,1,1)]
void ComputePointCloud (uint3 gid : SV_GroupID, uint3 tid : SV_GroupThreadID)
{

if (tid.x > uint(_layers)) return;

float3 ray;

float numOfVerticallLayerPerGroup = 64.0 / _layers;

// Get LAT-LON
float numberOfLonStepsInTheSameGroup floor((float) (tid.x) / _layers);
float numberOfLonStepsGivenByGroupId = gid.x * numOfVerticallLayerPerGroup;

float numberOfLonSteps = floor((float) (numberOfLonStepsInTheSameGroup +
numberOfLonStepsGivenByGroupId));

float numberOfLatSteps = tid.x % _layers;

float lat = _90MinusHalfVFOV + numberOfLatSteps * _latitudinalStep;

float lon = _90PlusHalfHFOV - numberOfLonSteps * _longitudinalStep;

// Get ray direction

ray.x cos(lon) * sin(lat);
ray.y = cos(lat);

ray.z = sin(lon) * sin(lat);
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// Project to Z=1 plane

ray.x = ray.x / ray.z;
ray.y = ray.y / ray.z;
ray.z = 1.0;

// Get (x,y) to sample
float x (ray.x + _tanHalfHFOV) / (2.0 * _tanHalfHFOV);
float y (ray.y + _tanHalfVFOV) / (2.0 x _tanHalfVFOV);

// Remap to texture coordinate
x = _textureWidth * x;
y = _textureHeight * y;

// Evaluate i-th point (x,y,z)
uint i = tid.x * _pointViewdPerLayer + gid;
float depth = (_farPlane - _nearPlane) * DepthMap.Load(int3(x,y,0));
PointCloud[i] = float3(ray.x x depth, ray.y * depth, depth);
}

Listing 1: Compute Shader executed to sample the depth texture according to
a spherical sampling technique.

Figure 39: On the left, an example scene showing a layer of the virtual Li-
DAR. On the right, the corresponding depth texture sampled by
the LiDAR to obtain geometric information.

8o

The code shown in Listing 1, written in HLSL, populates the PointCloud

buffer with the point cloud obtained by sampling the depth buffer,
which is passed as input through the DepthMap variable. The code
has also been translated to GLSL to allow the simulator to run on
Linux systems and interface with Robot Operating System (ROS).

The use of compute shaders to sample the depth texture signif-
icantly accelerates the LiDAR simulation, enabling real-time opera-
tion. Another parameter affecting sensor performance is the resolu-
tion of the depth texture, denoted in Listing 1 as _textureWidth and
_textureHeight. Fig.40 shows how the output of the virtual LiDAR
varies with the resolution of the depth texture. The higher the resolu-
tion, the more precise the depth sampling, but this increases computa-
tional and memory costs. Lower resolutions result in more noticeable
depth quantization, where adjacent LiDAR hits may end up sampling
the same pixel, as shown in the top-left image.

The depth texture sampling must follow a pattern that simulates
how a real LiDAR sensor constructs the point cloud. Since the beam



A.1 VIRTUAL LIDAR

EEEERT T

Figure 40: Comparisons of a LiDAR level with different depth texture reso-
lutions. Top-left: 10 x 10, top-right: 50 x 50, bottom-left: 100 x 100,
and bottom-right: 256 x 256.
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Figure 41: Comparison between Cartesian sampling (red) and spherical sam-
pling (blue). The white lines are meant to illustrate the angular
error of the i-th Cartesian sample relative to the more realistic
spherical sample.

deflection of a LiDAR sensor generates a conical point cloud shape,
a spherical sampling grid is more suitable for this type of applica-
tion. An alternative would have been a Cartesian sampling grid, but
for the reasons mentioned above, the best choice is spherical sam-
pling [49]. Fig.41 illustrates the angular deviation between the two
sampling techniques.

The procedure for constructing the point cloud is shown in pseudo-
code 2.
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Algorithm 2 Construction of the Point Cloud with the Virtual LiDAR.

Initialize the lidarCamera with a horizontal FOV of 120°.
kernel - ComputePointCloud
Initialize the point cloud: pointCloud < []
while true do
fori=0to 2 do
DepthMap < lidarCamera.render()
ps < kernel.dispatch()
Add ps to pointCloud.
Rotate the lidarCamera by 120°
end for
: end while

=

[
Q

[
[
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Comparative studies were conducted between the depth buffer method-

ology and the use of raycasting, which relies on the CPU and, in par-
ticular, the physics engine. The comparisons were made at incremen-
tal resolutions of the depth texture, using Frames Per Seconds (FPS)
as the metric. The parameters include an angular resolution of 0.1°,
a 64-level LiIDAR, simulated on a machine with 8GB of RAM and an
integrated GPU. As seen in Tab.g, at low resolutions, the overhead
caused by data transfer between the GPU and CPU makes the use
of compute shaders less efficient than raycasting. However, at higher
resolutions, the performance of raycasting significantly drops, and
the advantage of using the GPU becomes evident. Fig.42 illustrates
the difference in point cloud quality when obtained with a depth tex-
ture resolution of 4096 x 4096 compared to a resolution of 512 x 512.

Figure 42: Visual comparison of the same point cloud obtained from a
depth texture with a resolution of 512 x 512 (left) and 4096 x 4096
(right).
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Resolution | FPS GPU FPS CPU

512 x 512 60 65
1024 x 1024 60 40
2048 x 2048 50 15

4096 x 4096 17 Unity Crashes

Table 9: FPS at different resolutions. The best performance at each resolution
is highlighted in bold.

A.2 INDUSTRIAL ENVIRONMENTS SIMULATOR

The simulator, also developed in Unity, enables the procedural gen-
eration of industrial port environments. It is based on the definition
of a layout that organizes the port into macro-zones. These zones in-
clude areas designated for buildings, containers, and maritime zones,
as shown in Figure 43. Additionally, paths can be defined for pedes-
trian or vehicular movement. With each simulation run, these zones
generate elements that are similar in type but arranged in varying
configurations. This not only allows for the creation of scenarios with
different layouts by simply altering the zones, but also enables the
diversification of scenarios even within the same layout.

Figure 43: An example of a layout is shown on the left, with zones contain-
ing containers (yellow) and maritime zones (blue). On the right,
an example of the generated layout based on this configuration is
displayed.
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Containers area

Figure 44: Example of containers generation with a crane.

This area generates containers arranged across the surface. It can
be customized by specifying the number of vertical layers, the drop
probability (i.e., the probability that container generation will stop
in a specific column), and the probability of spawning a crane. The
cranes are animated to lower and lift loads while moving across the
area. Since the number of generated containers can be very large, the
containers are instantiated on the GPU (GPU Instancing). As they
do not exist on the CPU, interaction is not possible; however, this
approach results in a significant performance increase. See Fig. 44 for
reference.

Ships area

Figure 45: Example of ships generation with a cranes.

This area generates ships and cranes aligned along the length of
the area. It can be customized by specifying the number of ships and
the area’s length. Each generated ship includes a container area on
top. See Fig. 45 for reference.

Buildings area

This area generates buildings on the surface. It can be customized by
specifying the number of floors and the drop probability, similar to
the container area. The generation of each floor depends on the floor
below it. Once a buildable area is identified, a building with an equal

or smaller surface area is selected from a list of possible buildings.
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Figure 46: Example of buildings generation.

The generation process includes a collapse-generation function. See
Fig. 46 for reference.

Roads

Figure 47: Example of two different roads, once for pedestrians and one for
vehicles.

Roads are pathways for vehicles or pedestrians. They allow the
specification of a set of waypoints, the types of vehicles (e.g., indus-
trial vehicles or groups of workers) that can travel along the road, as
well as the speed of each vehicle. See Fig. 47 for reference.

A.3 POLAR GRID MAP PRE-PROCESS

Once the point clouds were collected, whether from the simulator or
open-source datasets, they were converted from their native formats
(i.e., .bin, .csv, .feather, or .parquet) into the input format required by
the network, specifically .png files with dimensions of 1024 x 32. A
software tool was developed to convert the point clouds and man-
age the dataset thus created. The conversion process involves several
steps, including the correction of field of view (FOV) and tilt angle
discrepancies between different datasets, as well as the saturation of
point cloud distances within the range of o to 150 meters. An exam-
ple of different parameters is shown in Figure 48, while an example
of the correction process is shown in Figure 49.

The final step is encoding each point of the point cloud as the inten-
sity of a pixel. Once the pixel in which the i-th ray hits is identified,
as explained in Sec. 2.3.2, the distance d of the ray hit is encoded into
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Simulator RADIATE

Figure 48: An example of two different tilt angles and vertical field of view:
on the left, the parameters used in the simulator, and on the right,
the parameters used in the RADIATE dataset [116].
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Figure 49: Below, a polar grid map of the RADIATE dataset before calibra-
tion. The white band at the top is due to the point cloud being
cropped. Above, the same polar grid map after calibration.

the pixel intensity using a function f(d). Three encoding functions
were considered:
The linear function:

_d-P

="

The logarithmic function:

In(d+1)-P

fld) = In(D)

And the polynomial function:

d w
f(d)=P—P- (1—D>

Where d is the ray depth, D is the maximum distance (150m), P is
the maximum pixel intensity, typically 255, and w is the degree of the
polynomial function. The encoding functions considered are shown
in Fig. 50. The polynomial function was chosen as it provides higher
resolution for closer distances, but in a more distributed manner than
the logarithmic function, which is very steep in the first 20 meters,
with the slope reducing significantly thereafter. In Fig. 51, the same
polar grid map is shown with the different encodings.

A.4 REALISM ENHANCEMENT RESULTS

Tables 10 and 11 show the results of the individual SalsaNext train-
ings for the realism enhancement tasks, respectively, in the snow and
sun domains, while Figures 52, 53, and 54 display some generation
examples in the selected domains.
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Figure 50: The three encoding functions considered. The linear encoding is
shown in blue, the logarithmic encoding in dashed red, and the

polynomial encoding with degree in dotted green w = 4.

Figure 51: The same Polar Grid Map encoded with the linear function (top),
logarithmic function (middle), and polynomial function (bottom).



Table 10: IoUs of SalsaNext trained with the specified splits.
Sn refers to the snow splits from the WADS dataset [11].
Sn+S represents snow plus synthetic data, obtained from the sim-
ulator without realistic perturbations from the neural network.
Sn+Eg, represents snow plus enhanced data, obtained from the
simulator and realistically perturbed.
Sn+E{, represents snow plus enhanced data, augmented with 1000

A4 REALISM ENHANCEMENT RESULTS

additional point clouds.

Sn+R represents snow plus synthetic data, where points have been

randomly dropped.
Splits IoU
Sn 34.1
Sn 35.1
Sn 34-5
Sn+S 36.7
Sn+S 35.0
Sn+S 33.2
Sn+S 35.8
Sn+S 33.5
Sn+Egn | 37.2
Sn+Egn | 36.0
Sn+Esn | 348
Sn+Egn | 353
Sn+EL | 373
Sn+Ed, | 375
Sn+Ed | 373
Sn+ES, | 365
Sn+ES, | 358
Sn+ES, | 381
Sn+ES, | 384
Sn+R 32.5
Sn+R 35.0
Sn+R 33.1
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Table 11: IoUs of SalsaNext trained with the specified splits.

I is an industrial split.

S| is a synthetic industrial split obtained from the simulator.
E; is an enhanced industrial split, where synthetic data has been

injected with atmospheric noise.

R is a synthetic split subjected to a random point dropout proce-

dure.

U is an urban split derived from SemanticKITTI [6].

Splits | IoU
I 51.6
I 49.0
I 51.6
I 47-9
[+S1 | 51.0
I[+S1 | 53.8
[+S1 | 553
[+S1 | 56.2
I[+S1 | 54.2
I+E; | 53.6
I+E; | 523
[+E1 | 54.9
I+E; | 550
I+E; | 52.6
I+R; | 52.7
[+Ry | 522
I+R; | 51.7
I+R; | 51.5
[+R; | 521
I+U | 517
I+U | 50.2
I+U | 50.2
I+U | 513
I+U | 503
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Figure 52: Some example of realism enhancement with the selected weather
domain. On top, the original polar grid map of the simulated
environment, in the middle the dropout mask, at the bottom re-
sulting polar grid map.
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Rain

i

Figure 53: Some example of realism enhancement with the selected weather
domain. On top, the original polar grid map of the simulated
environment, in the middle the dropout mask, at the bottom re-
sulting polar grid map.
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Rain

Figure 54: Some example of realism enhancement with the selected weather
domain. On top, the original polar grid map of the simulated
environment, in the middle the dropout mask, at the bottom re-
sulting polar grid map.
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Figure 55: Comparison between the synthetic point cloud (top left) and the
same point cloud enhanced with different weather conditions:
sun (top right), rain (bottom left), and fog (bottom right).
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