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Abstract

In the last decade, Artificial Intelligence (AI) has transformed the healthcare field, particularly
medical image analysis, by enabling the automated learning of feature representations from
large-scale datasets across a wide range of medical tasks. However, its broader clinical
adoption, especially in the imaging context, remains constrained by the difficulty of collecting
large, heterogeneous training datasets. Patient data are subject to strict regulatory frameworks,
such as the General Data Protection Regulation (GDPR), which impose substantial barriers to
multi-centre data sharing and often render large multi-centre centralised training impractical.
Furthermore, AI models trained on data from a single or a limited number of institutions are
prone to important performance degradation when deployed in unseen clinical environments,
owing to variability in acquisition protocols, scanner hardware, and patient populations.

Federated Learning (FL) is able to address these concerns by enabling collaborative
model training without sharing raw data, thereby preserving privacy and improving exposure
to diverse data distributions. Despite its demonstrated effectiveness for image classification
and segmentation tasks, the application of FL to medical Image-to-Image (I2I) translation was
explored only in the field of cross-modality Magnetic Resonance Imaging (MRI) translation
prior to this work. This thesis aims to address this gap by focusing on Synthetic Computed
Tomography (sCT) generation as a relevant use case and further supporting the FL in
healthcare.

In detail, the research work presented in this thesis spanned four interconnected areas:
feasibility, efficiency, security, and translational tooling.

The feasibility of federated sCT generation was established through multi-centre studies.
The first study investigated brain MRI-to-sCT translation across five institutions, giving rise
to the FedSynthCT framework. The second extended this framework to head and neck Cone
Beam Computed Tomography (CBCT)-to-sCT translation, using four publicly available
institutional datasets. In both studies, federated models trained on heterogeneous distributed
data achieved stable convergence and consistent generalisation to independent external
datasets, without requiring data centralisation or site-specific adaptations. These results
confirmed that sCT generation is a viable application domain for FL, and that inter-site data
heterogeneity does not preclude effective decentralised collaboration.

Practical barriers to FL applicability and deployment were subsequently investigated.
Within the FedSynthCT framework, an adaptive parameter-freezing strategy was proposed to
substantially reduce the computational demand, and therefore the time and energy required
for federated training, in line with the increasingly important principles of Green AI. Fur-
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thermore, a security analysis of the FedSynthCT framework revealed that gradient inversion
attacks did not represent a viable threat in the evaluated setting, while residual vulnerabili-
ties to membership inference and poisoning attacks were identified, motivating the future
adoption of system-level safeguards beyond the federated algorithm itself.

The implications of communication-efficiency techniques, including model compression,
sparsification, and weight clustering, were further characterised in the context of federated
brain tumour segmentation setting, demonstrating that only moderate and well-balanced
levels of these techniques can substantially reduce communication overhead while preserving
segmentation accuracy.

Open-source software tools were developed and released to bridge the gap between
research and its application in healthcare. ImageAugmenter, a medical image augmenta-
tion extension for the 3D Slicer Imaging Computing Platform, was published to support
data preparation for both centralised and federated pipelines. Subsequently, the 3D Slicer
extension named ModalityConverter was released to integrate the pre-trained federated I2I
models developed throughout this research alongside existing centralised models, enabling
their use and further development within a widely adopted medical research environment.
The extension also includes an automated quality assessment module, based on a Deep
Learning (DL) framework that predicts quantitative sCT Mean Absolute Error (MAE) with-
out requiring ground-truth Computed Tomography (CT) data, thereby supporting direct
output validation in a single environment, without requiring specialised infrastructure or
programming expertise.

The contributions of this thesis confirmed that decentralised learning can be a practically
viable paradigm for collaborative medical image analysis and established the methodological,
analytical, and software foundation for future multi-centre clinical validation and broader
deployment of federated I2I translation in healthcare.



Zusammenfassung

Im vergangenen Jahrzehnt hat die Künstliche Intelligenz (KI) das Gesundheitswesen, ins-
besondere die medizinische Bildanalyse, nachhaltig geprägt. Durch die automatisierte
Erlernung von Merkmalsrepräsentationen aus umfangreichen Datensätzen konnte eine
Vielzahl medizinischer Aufgaben wesentlich vorangebracht werden. Die breitere klinis-
che Etablierung, insbesondere im Bereich der medizinischen Bildgebung, wird jedoch nach
wie vor durch die begrenzte Verfügbarkeit großer und heterogener Trainingsdatensätze er-
schwert. Patientendaten unterliegen strengen regulatorischen Vorgaben wie der General Data
Protection Regulation (GDPR), die den standortübergreifenden Austausch medizinischer
Daten erheblich einschränken und multizentrische, zentralisierte Trainingsansätze häufig
praktisch nicht umsetzbar machen. Darüber hinaus weisen KI-Modelle, die ausschließlich
auf Daten einzelner oder weniger Einrichtungen trainiert wurden, beim Einsatz in bislang
unbekannten klinischen Umgebungen oftmals deutliche Leistungsdefizite auf. Ursachen
hierfür sind Unterschiede in den Akquisitionsprotokollen, der Scannerhardware sowie den
jeweiligen Patientenkollektiven.

Federated Learning (FL) bietet einen vielversprechenden Ansatz zur Bewältigung dieser
Herausforderungen, indem ein gemeinsames Modelltraining ohne Austausch der zugrunde
liegenden Rohdaten ermöglicht wird. Dadurch kann einerseits der Datenschutz gewahrt
und andererseits die Berücksichtigung heterogener Datenverteilungen verbessert werden.
Obwohl die Wirksamkeit von FL für Klassifikations- und Segmentierungsaufgaben bereits
umfassend gezeigt wurde, beschränkten sich Anwendungen im Bereich der medizinischen
Image-to-Image (I2I)-Translation vor dieser Arbeit auf die modalitätsübergreifende Magnet-
Resonanz-Tomographie (MRT)-Translation. Ziel der vorliegenden Dissertation war es
dementsprechend, diese Forschungslücke zu schließen. Hierfür, wurde die Generierung von
Synthetische Computertomographie (sCT) als relevantes Anwendungsbeispiel untersucht,
wobei gleichzeitig die Weiterentwicklung föderierter Lernverfahren im Gesundheitswesen
unterstützt wurde.

Die in dieser Dissertation vorgestellten Forschungsarbeiten lassen sich vier eng miteinan-
der verknüpften Themenbereichen zuordnen: Machbarkeit, Effizienz, Sicherheit sowie
translationsorientierten Softwarewerkzeugen.

Die Machbarkeit der föderierten sCT-Generierung wurde im Rahmen multizentrischer
Studien nachgewiesen. Die erste Studie untersuchte die Übertragung von MRT-Bildern
des Gehirns in sCT Bildern über fünf Einrichtungen hinweg und führte zur Entwicklung
des FedSynthCT-Frameworks. In einer zweiten Studie wurde dieses Framework auf die
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Konvertierung von Cone Beam Computed Tomography (CBCT)-zu-sCT Bildern im Kopf-
und-Halsbereich ausgeweitet, wobei vier öffentlich verfügbare institutionelle Datensätzen
herangezogen wurden. In beiden Untersuchungen erzielten die auf heterogenen, verteilt
vorliegenden Daten trainierten föderierten Modelle eine stabile Konvergenz sowie eine
konsistente Generalisierungsfähigkeit auf unabhängigen externen Datensätzen, ohne dass
eine Zentralisierung der Daten oder standortspezifische Anpassungen erforderlich waren.
Die Ergebnisse belegen, dass die sCT-Generierung ein geeignetes Anwendungsfeld für FL
darstellt und dass die Heterogenität der Daten zwischen verschiedenen Standorten einer
erfolgreichen dezentralen Zusammenarbeit nicht widerspricht.

Im weiteren Verlauf wurden praktische Herausforderungen hinsichtlich der Anwend-
barkeit und Implementierung von FL untersucht. Innerhalb des FedSynthCT-Frameworks
wurde eine adaptive Strategie zum Einfrieren von Modellparametern entwickelt, die den
Rechenaufwand und damit den Zeit- und Energiebedarf des föderierten Trainings erheblich
reduziert und somit den zunehmend an Bedeutung gewinnenden Prinzipien der Green AI
entspricht. Darüber hinaus zeigte eine Sicherheitsanalyse des FedSynthCT-Frameworks,
dass Gradient-Inversion-Angriffe unter den untersuchten Bedingungen keine realistische
Bedrohung darstellten. Verbleibende Schwachstellen wurden durch Membership-Inference-
und Poisoning-Angriffe identifiziert, was die zukünftige Implementierung zusätzlicher
Schutzmechanismen auf Systemebene über den föderierten Algorithmus hinaus nahelegt.

Ferner wurden die Auswirkungen verschiedener Verfahren zur Steigerung der Kommu-
nikationseffizienz – darunter Modellkompression, Sparsifizierung und Weight Clustering –
im Kontext der föderierten Segmentierung von Hirntumoren untersucht. Es zeigte sich, dass
insbesondere moderate und ausgewogen eingesetzte Ausprägungen dieser Techniken den
Kommunikationsaufwand erheblich reduzieren können, ohne die Segmentierungsgenauigkeit
wesentlich zu beeinträchtigen.

Zur Überführung der Forschungsergebnisse in die praktische Anwendung wurden Open-
Source-Softwarewerkzeuge entwickelt und veröffentlicht. Mit ImageAugmenter wurde eine
Erweiterung für die 3D Slicer Imaging Computing Platform bereitgestellt, die die medi-
zinische Bildaugmentation sowohl für zentralisierte als auch für föderierte Arbeitsabläufe
unterstützt. Anschließend wurde die 3D Slicer-Erweiterung ModalityConverter veröffentlicht,
welche die im Rahmen dieser Forschungsarbeiten entwickelten vortrainierten föderierten
I2I-Modelle in bestehende zentralisierte Modelle integrieren und so deren Einsatz und Weit-
erentwicklung innerhalb einer etablierten medizinischen Forschungsumgebung ermöglicht.
Die Erweiterung umfasst zudem ein automatisiertes Modul zur Qualitätsbewertung, das auf
einem Deep Learning (DL)-basierten Framework beruht und die quantitative sCT-Mean
Absolute Error (MAE) ohne Ground-Truth-CT-Daten vorhersagen kann. Dadurch wird
eine unmittelbare Validierung der erzeugten Ergebnisse innerhalb einer einzigen Umgebung
ermöglicht, ohne dass spezialisierte Infrastruktur oder Programmierkenntnisse erforderlich
sind.

Die Ergebnisse dieser Dissertation zeigen, dass dezentrales Lernen ein praktikables
Paradigma für die kollaborative medizinische Bildanalyse darstellt. Zugleich schaffen sie die
methodischen, analytischen und softwaretechnischen Voraussetzungen für zukünftige multi-
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zentrische klinische Validierungsstudien sowie für eine breitere Etablierung der föderierten
I2I-Translation im Gesundheitswesen.
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Chapter 1
Introduction

1.1 Motivation

Medical imaging plays a key role in modern healthcare, supporting diagnosis, prognosis,
treatment planning and monitoring across a wide range of clinical domains. Imaging
modalities such as Magnetic Resonance Imaging (MRI), Computed Tomography (CT),
Cone Beam Computed Tomography (CBCT), and Positron Emission Tomography (PET)
provide complementary three-dimensional (3D) anatomical and functional information and
are routinely employed in fields including oncology, neurology, and radiotherapy. The
increasing availability of digital medical images, together with advances in computational
power, has fuelled a rapid adoption of Artificial Intelligence (AI) and, in particular, Deep
Learning (DL) techniques in healthcare [1–4].

Over the last decade, DL-based methods have demonstrated state-of-the-art performance
in a variety of medical imaging tasks, including classification, segmentation, detection,
and image synthesis. Convolutional Neural Network (CNN) and, more recently, genera-
tive models have achieved remarkable accuracy in disease classification, organ and lesion
segmentation, and Image-to-Image (I2I) translation, often surpassing traditional rule-based
approaches [1–4]. These advances have positioned DL as a key enabling technology for
data-driven medical imaging pipelines. Despite their success, most DL approaches in medical
imaging rely on a centralised training paradigm, in which data from one or more institutions
are aggregated into a single dataset and used to train a global model. While effective from
a methodological standpoint, this paradigm presents substantial limitations in real-world
healthcare settings. Medical images are considered sensitive personal data, as they directly
relate to an individual’s health status. Consequently, their collection, storage, and processing
are subject to strict regulatory frameworks, such as the General Data Protection Regulation
(GDPR) in Europe [5].

Although data centralisation is not inherently prohibited, complying with these regula-
tions necessitates comprehensive legal agreements, extensive governance procedures, and
robust technical safeguards. These measures often impede or even preclude multi-centre
collaborations [6–9].
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2 Chapter 1. Introduction

In addition to regulatory and bureaucratic barriers, centralised DL models are partic-
ularly vulnerable to data heterogeneity and distribution shifts. Medical images acquired
at different institutions frequently differ in scanner vendors, acquisition protocols, recon-
struction algorithms, and patient demographics. As a result, models trained on centralised
datasets—especially when dominated by data from a limited number of centres—often
show degraded performance when applied to unseen clinical settings [10–16]. This lack of
robustness and generalisability represents a major obstacle to the deployment of DL systems
in routine clinical practice.

Federated Learning (FL) has emerged as a promising alternative to centralised training,
addressing both privacy and generalisation concerns. In FL, multiple institutions collabora-
tively train a shared model by keeping the data local and exchanging only model updates with
a central server. This paradigm enables learning from distributed, heterogeneous datasets
without transferring raw medical images, thereby reducing privacy risks and simplifying
compliance with data protection regulations. Beyond privacy preservation, FL offers the
opportunity to expose models to a broader range of data distributions, potentially improving
robustness and performance on unseen domains [15, 16].

Within medical imaging, FL has been extensively investigated for classification and
segmentation tasks, demonstrating competitive performance compared to centralised base-
lines while maintaining data privacy [4, 14–19]. However, its application to more complex
generative tasks remains limited.

Image synthesis, and in particular medical I2I translation, poses additional challenges
due to its sensitivity to subtle anatomical details, intensity distributions, and domain-specific
artefacts. These challenges are amplified in federated settings, where data heterogeneity
across sites is the standard rather than the exception. Medical I2I translation represents a
pivotal component within a range of clinical workflows. One of the most relevant applications
is the generation of Synthetic Computed Tomography (sCT) images from MRI or CBCT.

Synthetic CT enhances the accuracy for MRI-only radiotherapy workflows, reducing
mage registration uncertainties and patient exposure to ionising radiation, and facilitating
attenuation correction in hybrid imaging systems such as PET/MRI. Numerous DL-based
approaches for sCT generation have been proposed in the literature, achieving high accuracy
under controlled experimental conditions [1, 3, 20]. Nevertheless, these methods are typically
trained using a centralised paradigm and are often evaluated only on data drawn from the
same distribution as the training set, limiting their applicability in real multi-centre scenarios.

The combination of strict data protection requirements, pronounced inter-centre hetero-
geneity, and the clinical relevance of sCT synthesis highlights a clear gap in the current
literature. While FL offers a solution to address these challenges, its potential for medi-
cal image synthesis–and for sCT generation in particular–has not yet been systematically
explored.
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1.2 Objective of the Thesis

General Objective:

The aim of this thesis is to investigate and advance decentralised learning strategies in
healthcare, focusing on FL for medical I2I translation, with particular emphasis on sCT gen-
eration. The thesis addresses challenges related to data heterogeneity, privacy preservation,
computational efficiency, and robustness, aiming to develop robust solutions suitable for
real-world clinical deployment.

Specific Objectives:

To achieve this general objective, the following specific objectives have been defined:
1. To assess the feasibility of FL for MRI-to-sCT translation and validating federated

frameworks on multi-centre datasets.
2. To evaluate the impact of inter-site data heterogeneity and domain shifts in federated

settings, analysing the generalisation capability of the federated models using an
independent dataset from an institution not involved during the federated training.

3. To improve the efficiency and sustainability of federated training by developing opti-
misation strategies to reduce convergence time, communication overhead, and energy
consumption, in line with Green AI principles.

4. To extend the federated framework to additional modalities and anatomical regions,
such as CBCT-to-sCT translation.

5. To investigate the robustness and security of the FL paradigm by analysing the effects
of common attack scenarios and their implications for medical imaging synthesis
applications.

6. To develop and provide open-source tools supporting federated learning workflows,
including offline image augmentation, model distribution and quality assessment,
facilitating adoption by clients within and outside the federation.



4 Chapter 1. Introduction

1.3 Structure of the Thesis

Part I – Fundamentals presents the required fundamentals which are introduced at a medical
and a technical level.

◦ Chapter 2 introduces the clinical background relevant to this thesis including princi-
ples of medical imaging, Computed Tomography, Cone-Beam Computer Tomography,
Positron Emission Tomography and Magnetic Resonance Imaging.

◦ Chapter 3 provides the technical and methodological background, covering DL and
FL in medical imaging, and image-to-image translation applications.

Part II – Enabling Robust and Privacy-Preserving Synthetic CT Generation with
Federated Learning presents the core research, development, application and validation of
FL for sCT generation across multiple institutions.

◦ Chapter 4 introduces the first study on MRI-to-sCT translation using federated learn-
ing across four different institutions, describing the framework, validation, and results.

◦ Chapter 5 extends the approach to CBCT-to-sCT synthesis and evaluates generalisa-
tion, and performance.

Part III – Efficiency, Sustainability and Reliability of Federated Learning in Health-
care addresses computational and operational aspects of federated training in the healthcare
environment.

◦ Chapter 6 presents a federated Green AI approach to enhance sustainability, reduce
training time and energy consumption for federated sCT synthesis.

◦ Chapter 7 presents an analysis of potential attack vectors and defences within the
FedSynthCT framework.

◦ Chapter 8 evaluates the implication of clients sparsification, compression and cluster-
ing for brain tumour segmentation under different conditions of data heterogeneity,
highlighting implications for performance and reliability.

Part IV – Tooling, Reproducibility, and Translation describes software frameworks
developed to support federated and centralised medical AI, enhancing reproducibility and
accessibility.

◦ Chapter 9 presents an open-source 3D Slicer module that enables intuitive medical
image augmentation through a graphical interface.

◦ Chapter 10 presents a deep learning–based quality control framework for sCT that
predicts slice-wise mean absolute error without ground-truth CT, supporting clinical
deployment of centralised and federated models.

◦ Chapter 11 presents an open-source 3D Slicer extension that integrates pre-trained
deep learning and federated learning models for MRI-to-CT, CBCT-to-CT, and PET-
to-CT translation, enabling accessible and reproducible inference within the 3D Slicer
environment.
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Part V – Key Findings and Future Directions summarises the contributions and
presents perspectives for future work.

◦ Chapter 12 provides an overview of the key findings, research achievements and
limitations, as well as presenting the broader implications, open challenges and future
directions of this thesis.





PART I

FUNDAMENTALS





Chapter 2
Clinical Context

2.1 The Role of Multimodal Imaging for
Planning and Guidance

Medical imaging comprises a variety of modalities, each employing distinct physical prin-
ciples to visualise anatomical structures and functions. Common modalities include X-ray
radiography, Computed Tomography (CT), Cone Beam Computed Tomography (CBCT),
Positron Emission Tomography (PET), and Magnetic Resonance Imaging (MRI) [21].

These imaging techniques can be broadly categorised into anatomical modalities (e.g.,
X-ray radiography, CT, CBCT) and functional or molecular modalities (e.g., PET). MRI
primarily provides high-resolution anatomical information, although specialised sequences
can also probe functional or physiological properties of tissues. Anatomical imaging primar-
ily delivers structural information, such as morphology and spatial relationships between
tissues, whereas functional imaging enables the assessment of metabolic activity, perfusion,
receptor expression, or other physiological processes. The integration of these complemen-
tary sources of information has become increasingly important in modern clinical practice,
with the strengths of each modality compensating for the limitations of the others. This
integration enhances the detection and delineation of pathological lesions, as well as risk
stratification, thereby supporting more precise therapeutic decision-making.

Among the clinical fields that particularly benefit from multimodal imaging, radiation
oncology represents a paradigmatic example. In this domain, multimodal imaging integration
plays a pivotal role throughout the treatment pathway, from target definition and dose calcu-
lation to image guidance and adaptive strategies. The ability to combine geometric accuracy
with biological characterisation underpins the development of increasingly personalised and
adaptive treatment approaches, which are discussed in the following sections.

This chapter introduces the fundamental physical principles underlying the most widely
used medical imaging modalities and outlines their clinical roles in diagnosis, treatment
planning, and therapy guidance.

9
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However, each technique produces images characterised by different contrast mecha-
nisms, spatial resolution, and quantitative properties (presented in Table 2.1). Consequently,
information obtained from one modality is not directly interchangeable with another. In
many clinical workflows, including radiotherapy planning and image-guided therapy, it be-
comes necessary to combine, register, or computationally translate images across modalities.
The development of reliable methods to bridge this modality gap has become an important
research topic in medical image analysis.

Table 2.1: Comparative overview of commonly used medical imaging modalities.

Modality Key characteristics

X-ray Radiography Type: Anatomical
Contrast: X-ray attenuation (density/composition)
Strengths: Fast, cost-effective, excellent for bone imaging and fractures
Limitations: Poor soft-tissue contrast, 2D projection only, ionising radia-
tion exposure

CT Type: Mainly anatomical
Contrast: Volumetric X-ray attenuation; Hounsfield Unit (HU) scale
Strengths: High-resolution 3D anatomical imaging, good for thoracic/ab-
dominal organs, trauma, vasculature
Limitations: Limited soft-tissue contrast, ionising radiation exposure,
lower functional information

CBCT Type: Anatomical
Contrast: Cone-beam X-ray attenuation (not HU-calibrated)
Strengths: Compact, lower dose for small FOV, high-resolution for bone
visualisation, in-room image-guided radiotherapy imaging
Limitations: Lower quantitative accuracy than CT, ionising radiation ex-
posure, limited soft-tissue contrast, prone to scatter and beam-hardening
artefacts

PET Type: Functional / molecular
Contrast: Radiotracer distribution; SUV, kinetic modelling
Strengths: Sensitive metabolic/functional imaging, whole-body imaging,
tumour detection/staging, therapy monitoring
Limitations: Low spatial resolution, internal ionising radiation from
the radiotracer, expensive, requires radiotracers with short half-life,
infrastructure-intensive

MRI Type: Mainly anatomical
Contrast: Proton density, T1/T2 relaxation, diffusion, perfusion, suscepti-
bility
Strengths: Excellent soft-tissue contrast, multiplanar, non-ionising, func-
tional imaging (fMRI, DWI), versatile
Limitations: Long acquisition times, motion sensitivity, contraindications
for some implants, higher cost, limited bone imaging

Finally, the chapter is organised as follows. Section 2.1.1 presents X-ray–based imaging
modalities and their clinical applications, followed by CT and CBCT (Section 2.1.2). PET
and hybrid techniques are introduced in Section 2.1.3, while MRI and its anatomical and
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functional contrasts are discussed in Section 2.1.4. The chapter concludes with a practical
application of multimodal imaging in image-guided radiotherapy (Section 2.1.5).

2.1.1 X-ray radiography

X-ray imaging represents a cost-effective and widely adopted technique that is widely
employed in both medical diagnostics and industrial non-destructive testing. Its capability
to penetrate matter, including the human body, has enabled major progress in non-invasive
visualization of internal structures. The strategic and technological relevance of this modality
has consequently driven the rapid advancement of high-performance X-ray detectors, along
with a broad range of related imaging applications [22].

In detail, X-rays are electromagnetic waves belonging to the ionizing radiation spectrum,
with wavelengths approximately spanning from 0.01 to 10 nm. As X-ray photons propagate
through matter, they may be transmitted, absorbed, or deflected from their original trajectory.
Absorption and scattering phenomena are governed by the attenuation properties of the
material and can be described by the Beer-Lambert law:

I = I0 e−µd , (2.1)

where I denotes the transmitted photon intensity, I0 is the incident photon intensity, µ

represents the linear attenuation coefficient of the medium, and d corresponds to the photon
path length through the material.

The overall attenuation results from the combined contribution of three main interaction
mechanisms: (i) the photoelectric effect, (ii) Compton scattering, and (iii) Rayleigh scattering.
These three interaction mechanisms are presented in Figure 2.1. Their relative contribution
depends both on the atomic composition of the material (in terms of atomic number Z) and
on the energy of the incident photons. At lower photon energies, attenuation is primarily
driven by the photoelectric effect, whereas Compton scattering becomes increasingly relevant
for higher photon energies and for materials characterised by low atomic number. Rayleigh
scattering, also referred to as coherent scattering, corresponds to an elastic interaction in
which the photon is deflected without energy loss and without ionisation. Although its con-
tribution to total attenuation in the diagnostic energy range (10-150 keV) is generally modest
compared with the photoelectric and Compton processes, it may become non-negligible at
lower photon energies in some imaging modalities (such as mammography) and contributes
to scattered radiation, thereby slightly affecting image contrast [22, 23].

In essence, the purpose of an X-ray imaging system is to convert the residual X-ray
photons emerging from an object into a visual representation suitable for analysing its internal
structure. To this end, the detector is positioned downstream of the object in order to capture
the transmitted radiation and register the resulting intensity distribution. Consequently, the
signal is transformed into a projection pattern, which is then processed to generate a two-
dimensional (2D) radiographic image [22]. Variations in the transmitted photon intensity,
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Figure 2.1: Representation of the principal interaction mechanisms of the X-ray photons. The photo-
electric effect (left) involves complete photon absorption and the ejection of an inner-shell electron.
Compton scattering (right) describes an inelastic interaction with a weakly bound outer shell electron,
resulting in photon deflection with reduced energy and electron recoil. Rayleigh scattering (centre) in-
volves an elastic interactionwith the entire atom, resulting in photon deflectionwithout energy transfer
or ionisation. This process occurs when the wavelength of the photon is significantly longer than the
radius of the atom, causing the atom to scatter the radiation coherently. E0 denotes the energy of the
incident photon, Es the energy of the scattered photon, while λ1 and λ2 indicate the wavelengths of
the incident and scattered photons, respectively.

determined by the spatial distribution of attenuation coefficients, give rise to contrast in the
final image, thereby enabling the visualization of distinct internal features [22].

Owing to their remarkable penetrating capability, X-rays have become a key modality
in medical imaging. Continuous technological progress significantly enhanced diagnostic
radiography, enabling detailed visualization of skeletal structures and supporting the detection
of fractures, joint dislocations, bone pathologies, and foreign bodies. Such information plays
a crucial role in clinical decision-making and surgical planning [22].

2.1.2 Computed Tomography and Cone-Beam CT

While conventional radiography provides a 2D projection of a three-dimensional (3D) object,
CT enables volumetric imaging through the acquisition of multiple projections at different
angular positions around the subject. In CT, a series of X-ray projections is collected over a
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rotational trajectory around the cranio-caudal axis of the patient, and cross-sectional images
are reconstructed by solving the inverse problem associated with X-ray attenuation [22, 24–
26]. Stacking the reconstructed slices allows the generation of a full 3D representation of the
scanned anatomy, which corresponds to the 3D volumetric map of X-ray attenuation, thereby
overcoming the superimposition limitations inherent to planar radiography.

Early acquisition systems were based on a translate-rotate geometry with pencil-beam col-
limation and single detectors. Subsequent technological generations progressively introduced
fan-beam geometries, multi-detector arrays, continuous rotation enabled by slip-ring tech-
nology, and helical acquisition modes. These innovations significantly reduced acquisition
times while improving spatial resolution and volumetric coverage [25, 26].

Modern multi-detector CT (MDCT) systems employ wide detector arrays and fan- or
cone-shaped beams, enabling the simultaneous acquisition of multiple slices per rotation.
The introduction of helical (spiral) scanning further allowed continuous data acquisition
during patient table translation, leading to faster examinations and improved 3D reconstruc-
tions. In addition, dual-energy and multi-energy CT systems, based on the use of two distinct
X-ray spectra (either through dual sources, rapid kVp switching, or energy-discriminating
detectors), allow for material differentiation and virtual monoenergetic imaging [27]. Such
techniques enhance tissue characterisation, improve contrast resolution, and enable applica-
tions such as virtual non-contrast imaging and advanced angiographic studies.

In conventional CT, voxel intensities are expressed in Hounsfield Unit (HU), defined as
a linear transformation of the reconstructed linear attenuation coefficient relative to water:

HU = 1000
µ −µwater

µwater
. (2.2)

By definition, distilled water at standard conditions is assigned a value of 0 HU, while
air corresponds to approximately −1000 HU. Other biological tissues exhibit characteristic
ranges of attenuation values depending on their physical density and composition. For
example, adipose tissue typically presents values around −100 to −80 HU, whereas most
soft tissues lie between approximately 30 and 70 HU. Bone structures show substantially
higher values: trabecular bone commonly ranges from about 50 to 200 HU, while dense
cortical bone can extend from roughly 250 up to 2000 HU depending on mineral density and
acquisition parameters.

The scale is open-ended, yet in practice, it is generally considered to reach a limit of
approximately 3000 HU (e.g. metals or highly concentrated contrast agents) [25]. This
definition ensures standardised and reproducible quantitative measurements across scanners,
provided appropriate calibration, scatter correction, and beam-hardening compensation are
applied.

Clinically, CT has become essential for comprehensive anatomical assessment. It pro-
vides high-resolution visualisation of osseous structures, thoracic and abdominal organs,
vascular anatomy, and traumatic injuries. In the domain of thoracic imaging, for instance, CT
facilitates comprehensive evaluation of pulmonary nodules, interstitial patterns, and consoli-
dations, thereby supporting diagnosis, staging, and treatment planning [25, 26]. Nevertheless,
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image contrast in CT arises from differences in the X-ray attenuation properties of tissues,
primarily determined by their physical density and effective atomic number. While this
mechanism enables excellent delineation of structures with substantial density differences,
such as bone and air-filled spaces, the intrinsic soft-tissue contrast of CT is generally limited.

A related but technically distinct modality is the CBCT, in which a cone-shaped X-ray
beam and a flat-panel detector rotate around the subject, acquiring a large number of 2D
projections over a single rotation. Compared with conventional fan-beam CT, CBCT systems
are typically characterised by a more compact design, lower radiation dose in specific
applications, and high spatial resolution for small fields of view.

However, despite the geometric similarities with multi-detector CT, CBCT differs sub-
stantially in terms of quantitative accuracy. In CBCT,grey values are generally not directly
calibrated to HU. Moreover, limited scatter correction, beam hardening effects, and vari-
ability in acquisition protocols introduce non-linearities in the reconstructed attenuation
values [28, 29]. These differences in image appearance and soft-tissue definition can be
appreciated in Figure 2.2, which provides a direct visual comparison of axial, sagittal, and
coronal views acquired with CT and CBCT in the same patient.

Voxel intensities in CBCT may deviate from true attenuation coefficients and cannot
be assumed to be quantitatively comparable to CT-derived HU without dedicated calibra-
tion procedures [30]. Thus, while CBCT provides adaptive in-room imaging and optimal
spatial resolution for high-contrast structures such as bone, it is generally less reliable than
conventional CT for quantitative tissue characterization and soft-tissue contrast assessment.
Therefore, CBCT has gained widespread adoption in image-guided radiotherapy (for pa-
tient positioning and monitoring before, during or after the dose delivery), interventional
procedures, dental and maxillofacial imaging, where accurate 3D anatomical visualisation is
required in a relatively limited anatomical region [1, 31, 32].

Figure 2.2: A comparison of axial, sagittal and coronal views from CT and CBCT scans. The patient was
selected from the public SynthRAD2025 challenge dataset [33].
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Overall, CT and CBCT represent natural technological evolutions of projection ra-
diography. By combining rotational acquisition geometries with advanced reconstruction
algorithms, these modalities enable true volumetric imaging, significantly expanding diag-
nostic capabilities and supporting both clinical decision-making and translational research
applications.

2.1.3 Positron Emission Tomography

PET is a quantitative nuclear medicine imaging modality designed to visualise and measure
physiological and biochemical processes in vivo. Unlike purely anatomical techniques,
PET provides functional information by mapping the spatial distribution of radiolabelled
molecules (also named radiotracers) within the body. The functional image contrast in
PET is primarily determined by the biological behaviour of the radiotracer rather than
by the radionuclide itself. While the radionuclide influences physical properties such as
half-life and positron energy, the tracer molecule defines the physiological process being
imaged and therefore the resulting contrast between tissues. The technique is widely applied
in oncology, neurology, and cardiology, where early detection of metabolic alterations is
clinically relevant [21, 34–36].

PET is based on the injection of a biologically active compound labelled with a positron-
emitting radionuclide. Commonly used radionuclides include carbon-11 (11C), nitrogen-13
(13N), oxygen-15 (15O), and fluorine-18 (18F). These isotopes are characterised by relatively
short physical half-lives, which allows repeated examinations while limiting radiation ex-
posure [21, 35, 36]. Following the β+ decay process, the emitted positron travels a short
distance in tissue before annihilating with an electron. This annihilation event produces two
photons emitted in nearly opposite directions. Coincidence detection of these photon pairs
by a ring of scintillation detectors enables localisation of the annihilation event along a line
of response, forming the basis of tomographic reconstruction [35].

The most widely employed PET radiotracer is 2-deoxy-2-[18F]fluoro-D-glucose (FDG),
an analogue of glucose. FDG accumulates in tissues with high glycolytic activity due to
increased expression of glucose transporters and hexokinase activity, features commonly
observed in malignant cells. For this reason, FDG-PET has become integral to tumour
detection, staging, treatment response assessment, and recurrence monitoring in many solid
malignancies [37]. An illustrative example of a whole-body PET is provided in Figure 2.3.

A relevant strength of PET lies in its ability to perform true whole-body imaging within
a single examination. This feature is particularly important in oncological practice, where
systemic staging and the detection of distant metastases are crucial for treatment planning and
prognostic stratification [37], reducing sampling bias and improving disease characterisation.

PET systems measure the in vivo radioactivity concentration within tissues (typically
expressed in kBq/mL), which reflects the local concentration of the injected radiotracer.
However, absolute activity values are influenced by several practical factors, most notably
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Figure 2.3: Whole-body 18F-FDG PET acquisition displayed using two different intensity mapping
schemes. Although the underlying quantitative activity distribution remains unchanged, alternative
colour scales are applied in order to enhance visual interpretation of tracer uptake patterns. The exam-
ple is derived from the MICCAI 2018 18F-FDG PET Radiomics Risk Stratifiers in Head and Neck Cancer
dataset [38].

the injected dose and patient body size. In order to mitigate these sources of variability
and enable meaningful inter- and intra-subject comparisons, semi-quantitative metrics such
as the Standardised Uptake Value (SUV) are widely used. The SUV normalises tissue
activity concentration to injected dose and a body-size parameter (e.g., body weight), thereby
providing a relative index of tracer uptake. In addition to such semi-quantitative measures,
more advanced kinetic modelling approaches can be applied to dynamic PET data to estimate
physiological parameters including metabolic rates, receptor density and perfusion [39, 40].

Although PET has well-established clinical value, there are several limitations that must
be carefully considered. A primary concern relates to exposure to ionising radiation. The
radiation burden is derived from the injected radiotracer and, in hybrid systems such as
PET/CT, from the additional CT acquisition. While the effective doses are generally within
the accepted limits for diagnostic procedures, cumulative exposure may be a relevant consid-
eration, particularly in younger patients or in cases where repeated follow-up examinations
are required [41].

From a technical perspective, PET has a lower intrinsic spatial resolution compared with
high-resolution CT or MRI. This limitation is partly attributable to fundamental physical
factors, including the finite positron range in tissue and the non-collinearity of annihila-
tion photons [40]. Consequently, small lesions may be affected by partial volume effects,
potentially influencing quantitative accuracy.

Finally, PET imaging is associated with logistical and economic constraints. The limited
half-lives of the radionuclides most frequently used necessitate either proximity to a cyclotron
facility or access to a specialised radiopharmacy. This infrastructure requirement increases
operational costs and may limit availability in certain regions [42]. Together, these factors



2.1. The Role of Multimodal Imaging for Planning and Guidance 17

highlight the importance of appropriate patient selection and careful integration of PET
findings within the broader clinical context.

2.1.4 Magnetic Resonance Imaging

Since its clinical introduction, MRI has become a pillar of modern diagnostic imaging. It
is a non-invasive diagnostic technique that enables high-resolution visualisation of internal
anatomical structures and, in selected applications, physiological and functional processes.
In contrast to imaging modalities based on ionising radiation, such as CT or PET, MRI
exploits the physical principles of nuclear magnetic resonance and therefore patients are not
exposed to ionising radiation.

Specifically, MRI is based on the behaviour of atomic nuclei with non-zero spin, most
notably the hydrogen nucleus (proton), when placed in a strong external magnetic field. In
clinical systems, the static magnetic field strength –measured in Tesla (T)– typically ranges
from 1.5 to 3 T, although higher-field systems (e.g. 7 T, and 12 T) are increasingly being
used in research settings [21].

Once positioned within the bore of the scanner, the patient is subject to an applied static
magnetic field, the effect of which is to induce partial alignment of hydrogen nuclei along
the field direction. These nuclei exhibit a precession at a frequency known as the Larmor
frequency, which is proportional to the magnetic field strength according to the relationship
f = γB0, where γ is the gyromagnetic ratio. For hydrogen nuclei (γ = 42.58 MHz/T), the
Larmor frequency is approximately 64 MHz at 1.5 T and 128 MHz at 3 T, reaching nearly
300 MHz in high-field systems around 7 T [43]. The application of a radiofrequency (RF)
pulse at this particular frequency results in the perturbation of the equilibrium alignment of
the spins. Following the interruption of the RF excitation, the nuclei revert to equilibrium via
relaxation processes that are distinguished by two primary time constants: (i) longitudinal
relaxation (T1) and (ii) transverse relaxation (T2). The MR signal is sampled after a delay
known as the echo time (TE), defined as the interval between the RF excitation and the peak
of the measured signal echo. Together with the repetition time (TR), TE plays a key role in
determining the relative weighting of T1 and T2 relaxation effects in the reconstructed images.
The spatial encoding of the emitted signals is achieved by superimposing magnetic field
gradients, thereby enabling the reconstruction of cross-sectional images via Fourier-based
algorithms [44].

The differences in proton density and relaxation properties among tissues result in
intrinsic image contrast. More specifically, the detected MRI signal reflects the decay
of transverse magnetisation following RF excitation. This decay can be described by an
exponential relationship:

Mxy(t) = Mxy(0)e−t/T2 (2.3)
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where Mxy(t) denotes the transverse magnetisation at time t and T2 represents the trans-
verse relaxation time constant. In practice, additional magnetic field inhomogeneities in-
troduce further dephasing effects, resulting in an effective relaxation constant T ∗

2 , such
that:

Mxy(t) = Mxy(0)e−t/T ∗
2 . (2.4)

Because MRI signal acquisition occurs at the echo time (T E), tissues with very short
transverse relaxation times may lose most of their signal before measurement. This phe-
nomenon is particularly evident in cortical bone, tendons, and ligaments, which exhibit
extremely short T2 or T ∗

2 values due to their dense structure, low proton density, and restricted
molecular motion. As a consequence, these tissues appear as signal voids in conventional
MRI sequences, since the transverse magnetisation decays almost completely before the
signal can be effectively sampled. Dedicated techniques such as ultrashort echo time (UTE)
imaging are therefore required to capture signal from such short-T2 tissues [44].

These relaxation characteristics also explain why tissues with very low proton density
and extremely short T2 values, such as cortical bone, appear dark in most conventional MRI
sequences. Therefore, in the context of T1-weighted (T1w) sequences, fluid is characteristi-
cally hypointense, fat is hyperintense, and intravascular flow may appear bright depending
on sequence parameters. In contrast, T2-weighted (T2w) sequences characterise fluid as
hyperintense, while fat and rapidly flowing blood typically manifest reduced signal intensity
or flow-related signal loss [45]. These signal differences can be directly appreciated in the
example selected from the publicly available IXI dataset 1 shown in Figure 2.4.

Thus, MRI offers several important advantages that explain its central role in contempo-
rary diagnostic imaging. The absence of ionising radiation is the most significant benefit,
making MRI particularly well suited to younger patients and clinical scenarios requiring
repeated follow-up examinations, such as oncological surveillance or monitoring of chronic
neurological diseases.

Furthermore, given its superior soft tissue contrast and multiplanar capability, MRI is
particularly valuable in a wide range of medical fields. In the field of neurological imaging,
for instance, it facilitates detailed differentiation between grey and white matter, as well as
the sensitive detection of demyelinating disease, tumours, infection, and vascular pathology.
Similarly, in the field of cardiovascular medicine, MRI enables comprehensive evaluation of
cardiac morphology, ventricular function, myocardial perfusion, tissue characterisation, and
great vessel anatomy [21, 46].

An important characteristic of MRI is the large number of acquisition parameters that
can be adjusted to modulate image contrast and sensitivity to different tissue properties. By
varying parameters such as TR, TE, flip angle, and gradient timing, different pulse sequences
can be designed to emphasise specific physical mechanisms, including T1 and T2 relaxation,
proton density, diffusion, perfusion, or susceptibility effects. This flexibility makes MRI a
highly versatile imaging modality capable of investigating multiple aspects of tissue structure

1Available at: https://brain-development.org/ixi-dataset/. Last accessed: Octo-
ber 27, 2026

https://brain-development.org/ixi-dataset/


2.1. The Role of Multimodal Imaging for Planning and Guidance 19

Figure 2.4: Comparison of axial, sagittal and coronal views from brain T1w and T2w MRI acquisitions
of the same subject. In T1w images, fluid appears hypointense and fat hyperintense, whereas in T2w
images fluid is hyperintense and fat demonstrates relatively lower signal intensity.

and physiology within the same examination. Several specialised imaging techniques have
been developed by exploiting these contrast mechanisms.

Diffusion-weighted imaging (DWI) is highly sensitive to acute cerebral ischaemia and
is integral to modern stroke protocols [47]. Furthermore, functional MRI (fMRI), typically
based on blood oxygen level-dependent (BOLD) contrast, allows mapping of task-related or
resting-state brain activity and has significantly advanced neuroscience research [48]. Mag-
netic resonance angiography (MRA) permits non-invasive visualisation of vascular structures
without the need for catheterisation. Dynamic contrast-enhanced MRI (DCE-MRI) and other
quantitative approaches provide insights into tumour perfusion and micro-environmental
characteristics, contributing to oncological assessment and therapy monitoring [45].

Whole-body MRI has gained increasing acceptance for staging and surveillance in onco-
logical practice, particularly in the evaluation of skeletal metastases [21]. In breast imaging,
MRI is recommended for high-risk populations, including carriers of pathogenic BRCA1
and BRCA2 variants, due to its superior sensitivity relative to mammography in dense breast
tissue [49].

Despite its considerable strengths, MRI is associated with specific practical and technical
limitations. Examination times are generally longer than those of CT, which may pose
challenges in acutely ill, claustrophobic, or uncooperative patients. Despite the reduction in
acquisition times brought about by the development of accelerated imaging techniques, the
presence of motion artefacts resulting from respiration, cardiac activity, or voluntary move-
ment persists as a potential cause of image degradation. Furthermore, while respiratory and
cardiac gating techniques mitigate these effects, they may further prolong the examination.

Safety considerations also impose restrictions. Patients with specific implanted medical
devices, particularly those that are not certified as MR-conditional, as well as individuals with
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ferromagnetic foreign bodies, may be deemed ineligible for scanning due to risks associated
with the strong static magnetic field and gradient switching. Careful screening is therefore
mandatory prior to every examination [21].

Economic factors must also be acknowledged. MRI systems require substantial capital
investment and ongoing maintenance, including cryogenic infrastructure for superconducting
magnets. Consequently, availability may be limited in certain healthcare settings.

In addition, although gadolinium-based contrast agents significantly enhance lesion
detection and characterisation, there are potential risks associated with their use. Mild adverse
reactions, including nausea, vomiting, pain at the injection site, headache, and dizziness,
have been reported following their injection. The deposition of gadolinium in various tissues,
including bone, kidney, brain, skin, and lymph nodes, has been evidenced by various studies.
The specific form of these depositions is still unknown, and currently, there is no evidence
of tissue damage directly associated with gadolinium accumulation. Nevertheless, studies
have reported certain disorders related to gadolinium retention, including hypersensitivity
reactions, nephrogenic systemic fibrosis, and gadolinium deposition disease [50].

Taken together, these limitations do not diminish the substantial clinical value of MRI,
but they highlight the importance of appropriate patient selection and protocol optimisation
in routine practice.

2.1.5 Application of multimodal imaging: image-guided
and adaptive radiotherapy

Multimodal imaging combines anatomical, metabolic and functional information obtained
from different imaging techniques in order to support diagnosis and therapy. An example
of this integration is presented in Figure 2.5, showing PET, CT, and MRI acquisitions of
a tumour at the base of the tongue, including both individual and fused representations.
In radiation oncology, this integration is essential: imaging defines the target, guides dose
calculation, verifies treatment delivery, and increasingly supports adaptation over time.

Conventional external-beam radiotherapy planning is CT-based. A planning CT acquired
with the patient in treatment position provides a three-dimensional map of electron density,
which is required for accurate dose calculation. Consequently, CT remains the geometric and
dosimetric reference standard. However, CT alone may be insufficient for precise delineation
of the gross tumour volume (GTV), clinical target volume (CTV), and organs at risk (OARs),
particularly in anatomical regions characterised by limited soft-tissue contrast. Therefore, an
MRI scan is routinely registered to the planning CT to improve tumour and OAR definition,
especially in brain, head-and-neck, prostate, and gynaecological malignancies. Owing to
its superior soft-tissue contrast and multiplanar capability, MRI has been shown to reduce
inter-observer variability in contouring and to improve target definition [1, 20, 51].

MR-only radiotherapy workflows. The increasing reliance on MRI for target definition
has led to the development of MR-only radiotherapy workflows, in which MRI constitutes
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Figure 2.5:Multimodal imaging of a tumour located at the base of the tongue combining PET, MRI, and
CT. The figure includes (A) a frontal PET maximum-intensity projection, (B) an axial FDG-PET image, (C)
an axial T2-weighted MRI scan, (D) an axial CT image, together with fused representations obtained
from (E) PET/CT and (F) PET/MRI. Taken from Decazes et al. [52], licensed under the terms of the
Creative Commons Attribution License (CC BY 4.0).

the primary imaging modality for both delineation and treatment planning. In contrast to the
conventional CT–MR workflow, where CT provides electron density information and MRI is
used as a secondary modality for contouring, the MR-only paradigm eliminates the planning
CT entirely.

The MR-only approach is typically supported by three principal arguments. First, the
removal of CT–MR image registration avoids the introduction of systematic geometrical
uncertainties. Registration errors arising at the planning stage propagate to every treatment
fraction and therefore represent systematic spatial deviations. Reported uncertainties in
CT–MR registration are in the order of a few millimetres, depending on anatomical site and
registration strategy. In anatomical regions where the target and the structures used for patient
positioning cannot be simultaneously registered with high accuracy, the resulting ambiguity
may affect target coverage or organ-at-risk sparing. Indeed, for intracranial tumours, where
rigid anatomy facilitates accurate registration, the incremental geometric benefit may be
limited. In contrast, in regions such as the head and neck, where anatomical configuration
can differ substantially between imaging sessions, or where positioning structures and
targets cannot be simultaneously aligned with high precision, MR-only planning may reduce
ambiguity and improve spatial consistency. In such scenarios, MR-only planning has
the potential to reduce systematic spatial uncertainty and may justify margin reduction,
particularly for small targets or highly conformal dose distributions [51].

Secondly, MR-only workflows are often considered from a logistical perspective. The
elimination of the CT acquisition process serves to streamline the patient pathway, thus
removing the necessity for one imaging session. However, this may be particularly relevant
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in adaptive workflows driven by MRI, where repeated MR acquisitions are required and
thus the time to acquire imaging is prolonged. Furthermore, current implementations
require additional quality assurance (QA) steps, and the resource savings resulting from the
elimination of CT have not yet been consistently demonstrated in clinical practice [51].

Thirdly, the exclusion of CT reduces exposure to ionising radiation. Although this
reduction is modest compared with the therapeutic dose delivered during radiotherapy, it
represents a conceptual advantage of the MR-only approach.

The primary technical challenge associated with MR-only planning stems from the
inherent limitations of MRI in providing direct electron density information, which is
indispensable for accurate dose calculation. Consequently, Synthetic Computed Tomography
(sCT) images must be generated from the MR scan to enable dose calculation.

Several methods have been developed for sCT generation, including atlas-based ap-
proaches, voxel-based classification techniques, deformable image registration (DIR) pipelines,
and more recently deep learning models. Reported dosimetric differences between CT-based
and sCT-based planning are typically within 1% for many anatomical sites, indicating that
clinically acceptable dose accuracy can be achieved [1, 51, 53]. Nevertheless, the sCT
generation process is inherently complex and may be unsuccessful in the presence of atypical
anatomy, surgical alterations, or metallic implants. Given that many sCT generation pipelines,
in particular the deep learning-based, operate as partially opaque or “black-box” processing
chains, rigorous patient-specific quality assurance is essential before their integration into
clinical practice. In order to address this need, dedicated workflows have been introduced to
quantify model uncertainty in sCT generation, alongside the development of independent val-
idation models specifically designed to evaluate the reliability and accuracy of the generated
sCT images [54, 55].

In addition, MR-only workflows are closely linked to the broader development of adap-
tive radiotherapy. In MR-driven adaptive strategies, anatomical changes observed during
treatment necessitate re-optimisation. In this context, three options are available: (i) perform
a deformable registration of the original planning CT, (ii) acquisition of a new CT, or (iii)
generation of a new sCT directly from the adaptive MR scan. The latter option is inherently
aligned with an MR-only philosophy and may facilitate streamlined adaptation.

Consequently, MR-only radiotherapy planning represents a logical extension of the
increasing centrality of MRI in radiation oncology and constitutes a key enabling technology
for fully MRI-driven treatment strategies. Its principal potential benefit lies in the reduction
of systematic geometric uncertainties introduced by CT–MR registration, particularly in
anatomical regions where accurate registration is difficult. While dosimetric feasibility using
sCTs has been convincingly demonstrated, widespread adoption requires rigorous quality
assurance frameworks and careful evaluation of workflow efficiency [1, 3, 51, 53].
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CBCT Adaptive Radiotherapy. While multimodal imaging is essential at the planning
stage, its role extends throughout the entire treatment course via the image-guided adaptive
radiotherapy (IGART).

Radiotherapy is typically delivered in multiple fractions, and anatomical conditions can
vary from day to day due to factors such as organ motion, tumour regression, weight loss, or
changes in organ filling. Interfraction anatomical changes may progressively compromise the
validity of the original treatment plan. Therefore, IGART aims to address this limitation by
modifying the treatment plan in response to observed changes. Consequently, the necessity
to employ imaging prior to (and, in certain systems, concurrently with) irradiation emerges
as a pivotal element in ensuring precise target positioning [32, 56].

CBCT integrated into modern linear accelerators (LINACs), has become a standard
tool for volumetric verification. By acquiring three-dimensional images immediately prior
to treatment, CBCT allows alignment of the patient with respect to bony anatomy or, in
favourable cases, soft-tissue structures. This daily imaging enables margin reduction and
improves geometric precision [56].

Typically, CBCT-based adaptive workflows employ deformable image registration to
propagate contours, estimate anatomical variations, and accumulate delivered dose over time.

Although CBCT image quality and quantitative reliability are inferior to diagnostic CT,
recent developments in scatter correction, calibration, and sCT generation from CBCT scan
have improved the feasibility of dose recalculation directly on daily images [1, 57]. These
advances enable both offline adaptation (replanning after several fractions) and, in selected
settings, online adaptation immediately prior to irradiation.

Reported dosimetric discrepancies between planning CT and CBCT-derived sCT dose
calculations are generally within 1-2% for several anatomical sites, with gamma pass rates
exceeding clinically accepted thresholds under standard criteria, suggesting that clinically
acceptable accuracy can be achieved in selected scenarios [1, 57]. Nevertheless, performance
is influenced by anatomical region, presence of metallic implants, truncation artefacts, and
the robustness of the underlying correction or learning-based model.

From a practical perspective, the viability of CBCT-based sCT workflows depends not
only on dosimetric accuracy but also on computational efficiency and integration within
the clinical timeline. Offline adaptation, performed after several fractions, is generally
compatible with current processing times. Online adaptation, in contrast, requires rapid
sCT generation, contour propagation, plan re-optimisation, and quality assurance within a
limited time window, typically on the order of minutes. Recent advances in GPU-accelerated
deep learning pipelines have reduced inference times substantially, making near real-time
sCT generation technically feasible; however, robust patient-specific quality assurance and
automated consistency checks remain essential before widespread routine adoption.

Thus, in comparison with MR-only adaptive strategies, CBCT-based adaptation benefits
from the availability of CBCT on conventional LINACs and the absence of a requirement
for dedicated MRI-integrated systems. This broad accessibility enhances its translational
potential across diverse clinical environments. Nevertheless, the intrinsic limitations of CBCT
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image quality necessitate sophisticated correction or synthesis pipelines, which introduce
additional layers of technical complexity and validation requirements.

However, CBCT-based adaptive radiotherapy is a pragmatic and widely implementable
approach to daily anatomical adaptation. The generation of sCT from CBCT scans is
fundamental to enabling accurate dose recalculation and plan adaptation. While the current
state of evidence supports its dosimetric feasibility in several anatomical sites, long-term
clinical validation, standardised quality assurance frameworks, and comprehensive evaluation
of workflow efficiency remain critical for its consolidation as a routine adaptive strategy [1,
57].



Chapter 3
Technical Fundamentals

3.1 Deep Learning in Medical Image Analysis

Deep Learning (DL) has fundamentally transformed medical image analysis by enabling
automated, end-to-end learning of hierarchical feature representations from large-scale
imaging datasets. Unlike traditional Machine Learning (ML), which relies on hand-crafted
features, DL models can automatically extract relevant patterns from raw images. This
capability improves the accuracy and efficiency of tasks such as medical image classification,
segmentation, detection, and synthesis, facilitating the precise identification of anatomical
structures and supporting automated detection and classification of diverse conditions [58].

At the core of this revolution lies the Convolutional Neural Network (CNN), a class
of feed-forward neural networks specifically designed to exploit the spatial structure of
images [58, 59]. A CNN (Figure 3.1) operates through a stack of differentiable building
blocks, each applying a different convolutional filter to the incoming feature maps. The
principal components are:

Convolutional layers. Each convolutional layer applies a set of learnable filters (kernels)
to the input feature map via a discrete convolution operation. Given an input feature map
X ∈RH×W×C, where H, W , and C denote height, width, and number of channels respectively,
a kernel K ∈ Rkh×kw×C computes a dot product over local receptive fields, adding a bias term
b:

(X∗K)i, j =
kh−1

∑
m=0

kw−1

∑
n=0

C−1

∑
c=0

Xi+m, j+n,c Km,n,c + b, (3.1)

This operation detects low-level patterns (edges, corners, textures) in shallow layers and
progressively more abstract structures (shapes, organs, lesions) in deeper layers. Conse-
quently, each filter produces a feature map and the collection of feature maps across all filters
constitutes the output of the layer [58, 60, 61].

25
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Non-linear activation functions. Following each convolution, a non-linear activation
function is applied element-wise, breaking the linearity of the network and enabling the
approximation of complex, non-convex decision boundaries. For instance, the Rectified
Linear Unit (RELU), defined as:

σ(x) = max(0,x) (3.2)

is one of the most widely adopted activation functions due to its computational simplicity
and its ability to mitigate the vanishing gradient problem during back-propagation [58].

Pooling layers. Spatial down-sampling is achieved through pooling operations (typically
using max pooling), which partition the feature map into local neighbourhoods and retain
the maximum activation within each region. Therefore, this operation reduces the spatial
resolution of the feature maps [58, 60].

Fully connected layers and output heads. Following several alternating convolutional
and pooling stages, the high-dimensional feature maps are flattened into a one-dimensional
(1D) vector and processed by one or more fully connected layers. A final layer produces
class probabilities for classification tasks, often using the Softmax function to produce class
probabilities. Alternatively, regression heads or dense output layers can be used for other
prediction objectives [58, 61].

Batch normalisation and regularisation. Batch normalisation layers have become a
standard feature of recent network architectures, typically positioned between the convo-
lution and activation steps. These layers normalise the distribution of activations across a
mini-batch, accelerating convergence and enabling the adoption of higher learning rates.
Dropout regularisation, which randomly deactivates neurons during training, reduces overfit-
ting on limited medical datasets [58, 59].

The complexity of the feature hierarchy that a network can learn is determined by
the depth and width of the network [62]. Several canonical architectures have become
benchmarks in the field. AlexNet demonstrated the effectiveness of training deep networks
with data augmentation and dropout on large image collections. Visual Geometry Group
(VGG) networks replaced large kernels with stacked 3×3 convolutions, showing that depth
was a critical determinant of representational power. Furthermore, ResNet introduced
residual connections, which bypass one or more layers, enabling networks with hundreds of
layers to be trained by allowing gradients to flow directly through the shortcut and thereby
addressing the vanishing gradient problem [58, 61].

3.1.1 Image Classification and Object Detection

Image classification, defined as the process of assigning a label to an entire image, was the
pioneering task in which CNN exhibited remarkable performance in the field of medical
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Figure 3.1: Overview of a CNN, outlining its hierarchical structure. The network comprises convolu-
tional layers that extract spatial features, non-linear activation functions that introduce model flexibil-
ity, pooling layers that reduce dimensionality, fully connected layers to integrate features, and output
heads to generate predictions.

imaging. This included the detection of diabetic retinopathy in fundus images and the classi-
fication of dermatological lesions, both of which attained diagnostic accuracy comparable
to or exceeding that of board-certified clinicians [59, 61]. The training of classification
networks involves the minimisation of a loss function L (e.g. binary, categorical, and sparse
cross-entropy, hinge loss) between predicted class probabilities and ground-truth labels via
stochastic gradient descent and back-propagation.

The transfer learning paradigm, which involves initialising the network weights from
models pre-trained on extensive datasets of images (such as ImageNet) has been demon-
strated to enhance the convergence process and improve the generalisation capability of the
DL models when faced with small, labelled medical datasets [61].

Object detection extends classification to localisation, requiring the network to simul-
taneously predict the class and spatial extent (bounding box) of multiple objects within an
image. Region-based CNN (R-CNN) and its descendants, Fast R-CNN and Faster R-CNN,
decompose detection into region proposal and classification stages, while single-stage detec-
tors (such as YOLO) predict bounding boxes and class scores from a single forward pass,
reducing inference time at the cost of some accuracy in detecting small objects. In particular,
it has been observed that although large-scale variants (e.g. YOLOv5x) can detect small
objects more effectively, the number of missed detections tends to increase as the model scale
decreases, highlighting the trade-off between model size and detection performance [63]. In
medical imaging, this capability is employed for tasks such as pulmonary nodule detection in
Computed Tomography (CT), polyp localisation in colonoscopy video, human osteosarcoma
cell detection, and white blood cells detection [60, 61].
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3.1.2 Semantic Segmentation

Semantic segmentation, defined as the process of assigning a class label to each pixel (or
voxel, in three dimensions) of an image, represented a significant advancement in the field of
medical image analysis. This task is considered to be one of the most clinically consequential
and challenging in this domain. The applications of semantic segmentation include, for
instance, the organ delineation for radiotherapy planning, tumour volume measurement, and
lesion tracking [64].

The conceptual precursor to modern segmentation networks is the Fully Convolutional
Network (FCN), which repurposed CNNs by replacing fully connected layers with con-
volutional layers, thereby enabling dense prediction at the pixel level. However, repeated
pooling operations in the encoder path of the FCN cause progressive loss of spatial resolution,
leading to coarse segmentation masks. The introduction of the encoder-decoder paradigm
addressed this limitation: the encoder progressively downsamples the feature maps to capture
high-level semantic context, while a symmetric decoder path gradually upsamples the feature
maps back to the original image resolution to restore precise spatial localisation [64].

The U-Net architecture [65] became the gold standard for medical image segmenta-
tion [66]. Its original design consists of two principal branches (see Figure 3.2):

1. Contracting path (encoder). Each stage comprises two consecutive 3×3 convolu-
tional layers, each followed by a RELU activation, succeeded by a 2×2 max pooling
operation that halves the spatial dimensions. The number of feature channels is
doubled at each down-sampling step. This results in the progressive encoding of
increasingly abstract semantic information while spatial detail is being compressed.

2. Expansive path (decoder). Each stage applies a 2×2 transposed convolution (up-
convolution) that doubles the spatial resolution and halves the number of channels. The
resulting feature maps are concatenated with the corresponding feature maps from the
contracting path via skip connections, which directly relay fine-grained spatial detail
from encoder to decoder. Two subsequent 3×3 convolutions with RELU activations
then refine the fused features.

The distinctive U-shaped topology and skip connections facilitate the integration of
shallow, spatially rich encoder feature maps with deep, semantically rich decoder feature
maps. This configuration enables U-Net to simultaneously capture global context and recover
fine structural details, even when trained on limited datasets [65, 66].

Following its introduction, a significant number of derivatives of U-Net have been de-
veloped [66]. For instance, the UNet++ [68] redesigned the skip connections into nested,
dense pathways. Each encoder feature map was enriched by a dense convolutional block
before being fused with the corresponding decoder map, thereby reducing the semantic gap
between encoder and decoder representations. The Attention U-Net incorporated attention
gates on the skip connections, enabling the network to suppress irrelevant activations and
focus on target structures [69]. Furthermore, 3D U-Net and V-Net extended the architecture
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Figure 3.2: A basic U-Net architecture for brain tumour segmentation. Taken from Yousef et al. [67],
licensed under the terms of the Creative Commons Attribution License (CC BY 4.0).

to volumetric data by replacing all two-dimensional (2D) operations with three-dimensional
(3D) equivalents, which is particularly relevant for CT and Magnetic Resonance Imaging
(MRI) segmentation, where inter-slice context may carry diagnostic significance [64]. In
contrast, the nnU-Net framework focused on automating the design of the segmentation
pipeline, systematically adapting preprocessing, network topology, training scheme, and
post-processing to the properties of a given dataset. The robust performance of nnU-Net
stems not from a novel network architecture, loss function or training scheme –hence the
“nnU-Net”, an acronym for “no new net”– but rather, from the automation of the intricate
process of manual workflow design through rule-based heuristics and empirical selection.
Consequently, this facilitated immediate segmentation efficacy across a range of biomedical
imaging tasks [70].

3.1.3 Image-to-Image Translation

In the medical context, Image-to-Image (I2I) translation denotes the generation of a target-
domain image from a corresponding source-domain image, without necessitating additional
acquisitions. Specifically, the formal problem consists of learning a mapping G : X → Y
between a source domain X and a target domain Y , such that the synthesised image ŷ = G(x)
preserves the anatomical content of x ∈ X while reflecting the appearance and intensity
statistics of the target modality [71].
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Encoder–decoder architectures, particularly U-Net and its derivatives, have proven highly
effective in this setting. The encoder progressively extracts hierarchical features from the
input image, while the decoder reconstructs an output image with the desired intensity values.
Skip connections remain crucial in this context, as they facilitate the transfer of spatially
detailed information from the encoder to the decoder, thereby preserving fine anatomical
structures during the synthesis process. For this reason, U-Net and its variants are frequently
adopted as generator backbones in medical image synthesis frameworks [1, 3, 57].

While such architectures define the structural backbone of many synthesis models,
generative frameworks are often required to learn the complex data distributions underlying
medical images. Among these, the most influential paradigm is the Generative Adversarial
Network (GAN) [1, 3, 57, 72].

A GAN consists of two neural networks trained simultaneously in an adversarial setting:
a generator G, which produces synthetic samples intended to resemble real data, and a
discriminator D, which attempts to distinguish between real and generated samples. The
training process is characterised by the following objective [72]:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)]+Ez∼pz(z)[log(1−D(G(z)))]. (3.3)

At convergence, the generator ideally approximates the underlying data distribution,
preventing the discriminator from reliably distinguishing between real and generated sam-
ples [72, 73].

Several extensions have been proposed to address the training instabilities of the orig-
inal GAN. The Wasserstein GAN (WGAN), for instance, replaced the Jensen–Shannon
divergence with the Wasserstein distance to provide more stable gradients during training.
Conditional GANs (Conditional Generative Adversarial Network (cGAN)) incorporate aux-
iliary information such as class labels, segmentation masks, or source-modality images,
enabling geometry-aware image synthesis [74]. The Pix2Pix framework [73, 75] further
specialised cGANs for supervised I2I translation, learning a mapping between paired images
using a combination of adversarial and L1 reconstruction losses.

Beyond the adversarial objective, I2I translation models typically rely on additional loss
functions to enforce structural consistency between the generated and reference images. In
supervised settings with paired data, reconstruction losses such as the L1 or L2 distance
between the generated image ŷ and the ground truth y are commonly employed to encourage
pixel-wise fidelity [1, 57]. Furthermore, perceptual losses have been introduced to measure
similarity in a deep feature space extracted from pre-trained CNN networks, enabling the
preservation of higher-level structural characteristics that may not be fully captured by
pixel-wise losses alone [53].

While the previously described approaches assume the availability of paired training data,
in many clinical scenarios such aligned image pairs may be difficult to obtain. Therefore,
CycleGAN [71] introduced a cycle-consistency constraint that allows learning mappings
between two image domains without aligned image pairs. In this framework, two generators
G : X → Y and F : Y → X are trained such that F(G(x))≈ x and G(F(y))≈ y, preserving
the structural content of the images through the translation cycle [71].
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The combination of adversarial, reconstruction, and consistency losses therefore forms
the training objective used to balance visual realism with anatomical fidelity in medical
image synthesis.

Medical I2I translation gained considerable attention due to its direct clinical relevance [1,
73]. Typical applications include MRI-to-CT synthesis for MRI-only radiotherapy planning,
CBCT-to-CT translation for adaptive radiotherapy, and intra-modality MRI translation (e.g.
T1w-to-T2w), where the goal is to generate missing contrasts to reduce acquisition time [76].
Additional applications include PET synthesis from CT to improve accessibility and reduce
acquisition costs [77], as well as super-resolution and motion correction tasks [78]. Further
technical details concerning the specific I2I translation training techniques are provided in
the article presented in Chapter 4 - Section 4.2 of this thesis.

Although CNNs remain central to medical image analysis and synthesis, more recent
architectures have also been explored. The Vision Transformer (ViT) paradigm, for instance,
adapt the self-attention mechanism originally developed for natural language processing
to the image domain [79]. In this approach, an input image is divided into a sequence
of fixed-size patches, each projected into a learnable embedding and processed through
multi-head self-attention layers that model global contextual relationships between image
regions. VIT-based models achieved competitive performance in classification, segmentation,
and synthesis tasks, particularly when trained on large-scale datasets [79]. However, they
typically require substantial computational resources and large amounts of training data [57].

More recently, Denoising Diffusion Probabilistic Models (DDPM) have emerged as
a powerful alternative paradigm for generative modelling [57]. These models define a
forward diffusion process that gradually corrupts an image x0 by adding Gaussian noise
over T time steps until it becomes indistinguishable from random noise xT ∼ N(0,I). A
neural network, often based on a U-Net architecture, is then trained to iteratively reverse
this process by predicting and removing the noise component at each step. Compared with
GAN, diffusion models can produce images with higher diversity and fewer mode-collapse
artefacts, albeit at the cost of increased computational complexity and cost during the training
and inference [80]. However, their ability to generate high-fidelity images while preserving
anatomical structures positions them as a promising frontier for future research in medical
image translation and synthesis.

3.1.4 Evaluation Metrics

Quantitative evaluation plays a crucial role in assessing the performance and reliability of DL
models in medical image analysis. Depending on the specific task (e.g. classification, seg-
mentation, or synthesis), different evaluation metrics are employed to quantify the agreement
between model predictions and reference data.

Classification metrics. In medical image classification, performance is commonly eval-
uated using metrics derived from the confusion matrix, which summarises the number of
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true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN). From
these quantities, several indicators are computed, including accuracy, sensitivity (recall),
specificity, and precision:

Accuracy =
T P+T N

T P+T N +FP+FN
, Sensitivity =

T P
T P+FN

,

Specificity =
T N

T N +FP
, Precision =

T P
T P+FP

.

(3.4)

Sensitivity quantifies the proportion of correctly detected positive cases, whereas speci-
ficity measures the proportion of correctly identified negative cases. Precision indicates the
proportion of predicted positive samples that are correctly classified. To balance the trade-off
between precision and recall, the F1-score is often used, defined as the harmonic mean of
precision and sensitivity:

F1 = 2 · Precision ·Sensitivity
Precision+Sensitivity

. (3.5)

In clinical applications where class imbalance is common, the receiver operating charac-
teristic (ROC) curve and its corresponding area under the curve (AUC) are frequently used
to provide a threshold-independent assessment of classification performance [81].

Segmentation metrics. For segmentation tasks, the objective is to measure the spatial
overlap between the predicted mask and the reference annotation. One of the most widely
used metrics is the Dice Similarity Coefficient (DSC), defined as:

DSC =
2|A∩B|
|A|+ |B| , (3.6)

where A and B denote the sets of voxels belonging to the predicted and ground-truth
regions, respectively. The Dice score ranges from 0 (no overlap) to 1 (perfect agreement)
and is particularly suitable for evaluating medical segmentations where the target structures
may occupy only a small fraction of the image volume.

Other commonly reported metrics include the Intersection over Union (IoU), also known
as the Jaccard index, and distance-based measures such as the Hausdorff distance (HD),
which quantifies the maximum boundary deviation between two segmentations. These
complementary metrics provide insights into both volumetric overlap and boundary accu-
racy [81].

Image synthesismetrics. The quality of synthesised images in I2I translation tasks, where
paired ground-truth data are typically available, is commonly evaluated using pixel- or voxel-
wise image similarity metrics computed between the generated image and the corresponding
reference image. Among the most widely adopted metrics in medical image synthesis are
the Mean Absolute Error (MAE), the Root Mean Squared Error (RMSE), the Structural
Similarity Index Measure (SSIM), and the Peak Signal-to-Noise Ratio (PSNR) [1, 57].

Error-based metrics such as MAE and RMSE quantify the absolute or squared differences
between corresponding pixel or voxel intensities of the synthesised and ground-truth images,
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thereby providing a direct measure of pixel- or voxel-wise intensity accuracy [1, 82]. While
MAE measures the average absolute deviation, RMSE penalises larger errors more strongly
due to the quadratic formulation:

MAE =
1
N

N

∑
i=1

|yi − ŷi| (3.7)

RMSE =

√
1
N

N

∑
i=1

(yi − ŷi)2 (3.8)

where yi and ŷi denote the pixel or voxel intensities of the ground-truth and synthesised
images respectively, and N is the total number of voxels within the evaluated region of
interest [1, 82].

The SSIM evaluates image similarity by jointly comparing luminance, contrast, and
structural information between the two images. As a result, it is often considered more
consistent with human visual perception and better suited to assess the preservation of
anatomical structures [1, 82]:

SSIM(x,y) =
(2µxµy +C1)(2σxy +C2)

(µ2
x +µ2

y +C1)(σ 2
x +σ2

y +C2)
(3.9)

where µx and µy denote the mean intensities of the two images, σ2
x and σ2

y their variances,
and σxy their covariance.

The stabilisation constants are defined as:

C1 = (k1L)2, C2 = (k2L)2 (3.10)

where L represents the dynamic intensity range of the image, and k1 = 0.01 and k2 = 0.03
are small constants introduced to stabilise the division.

The PSNR, derived from the mean squared error between images, expresses the ratio
between the maximum possible signal intensity and the reconstruction error in logarithmic
decibel units. Higher PSNR values indicate lower reconstruction error and therefore higher
image fidelity [1, 82]:

PSNR = 10log10

(
MAX2

I

MSE

)
(3.11)

where MAXI denotes the maximum possible voxel intensity value of the image.

Although these metrics provide useful quantitative indicators of synthesis quality, they
remain generic similarity measures and may not fully capture the clinical suitability of
the generated images. For clinical deployment, task-specific evaluation is increasingly
recognised as the appropriate gold standard [1]. In radiotherapy, for instance, the quality
of Synthetic Computed Tomography (sCT) images is not only assessed voxel-wise using
metrics such as dose difference (DD) but also via more clinically relevant, task-specific met-
rics. These include the gamma index analysis, which combines dose and spatial agreement
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criteria, dose-volume histogram (DVH) comparisons, and range shift (RS) evaluations in
proton therapy. Notably, the choice of region-of-interest (ROI) and implementation details
(2D vs 3D evaluation, dose thresholds) can influence metric outcomes, highlighting that
clinical validation often requires context-specific, task-oriented assessments rather than
solely generic image similarity measures [1].

Furthermore, the recent Metrics Reloaded framework [83] highlighted that the choice of
evaluation metrics is itself a critical design decision and that inappropriate metric selection
may lead to misleading conclusions about algorithm performance. In particular, the frame-
work emphasises that validation metrics should act as proxies for the underlying domain
objective and therefore must be selected in a problem-aware manner [83]. In particular, the
framework introduces the concept of a problem fingerprint, a structured description of the
task that includes aspects such as the clinical question, properties of the target structures,
dataset characteristics, and the form of the algorithm output. Based on this fingerprint, appro-
priate metrics can be chosen while accounting for common pitfalls such as class imbalance,
annotation uncertainty, or differences between pixel-, object-, and image-level predictions.
This perspective highlights that reliable model validation often requires a combination of
complementary metrics rather than relying on a single quantitative score [83].

3.1.5 Data Augmentation

DL models benefit substantially from diverse and representative training datasets in order
to learn robust and generalisable feature representations. Nevertheless, the availability of
labelled data in medical imaging is often limited due to several factors, such as the cost
and time required for expert annotations, and the strict privacy regulations concerning the
sharing of clinical data. Consequently, models trained on small datasets are particularly
susceptible to overfitting, where the network learns dataset-specific characteristics rather
than generalisable patterns [84–86]. Therefore, data augmentation became a widely adopted
strategy for mitigating the effects of limited training data.

The main objective is to artificially expand the training dataset by applying label-
preserving transformations to existing samples. Exposing the model to multiple variations of
the same data, augmentation encourages the learning of invariant and more robust features,
thereby improving model generalisation and reducing the risk of overfitting [84, 85].

In the domain of medical image analysis, augmentation techniques can broadly be cate-
gorised into two primary groups: (i) transformation-based and (ii) generative model-based.
Transformation-based methods apply deterministic or stochastic operations directly to exist-
ing images. These include geometric transformations such as rotations, translations, scaling,
flipping, and elastic deformations, as well as intensity-based transformations, such as noise
injection, contrast adjustment, histogram perturbations, and blurring. These transformations
aim to simulate plausible variations that may arise from differences in patient positioning,
scanner hardware, acquisition protocols, or reconstruction parameters [85, 86].
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Recently, generative approaches have been explored to produce synthetic training samples
that reflect the underlying data distribution. Generative models such as GANs, and DDPM
can be used to generate synthetic images that resemble real clinical data, thereby further
increasing dataset diversity [84, 86].

Despite the benefits of augmentation pipelines, their design requires careful consid-
eration. Some transformations may lead to anatomically implausible samples or distort
clinically relevant structures. For instance, excessive geometric transformations or intensity
perturbations may alter tissue characteristics or anatomical relationships in ways that are not
physically meaningful. Moreover, if biases or systematic errors are present in the original
dataset, augmentation procedures may unintentionally propagate or amplify these biases in
the training data. For these reasons, augmentation strategies are typically designed with task-
specific constraints and tailored to the imaging modality, anatomical region, and downstream
learning objective [85, 86].

Thus, data augmentation represents an important practical technique for improving the
robustness and generalisation capability of DL models in medical imaging, particularly in
scenarios where data availability is limited. For this reason, a growing number of research
efforts focused on the development of dedicated augmentation frameworks and tools designed
to support reproducible and task-specific augmentation pipelines within medical imaging
workflows [85].

3.1.6 Data Sharing and Privacy

In clinical practice, medical imaging data are typically generated and stored within individual
healthcare institutions. Hospitals maintain local repositories, most commonly within Picture
Archiving and Communication Systems (PACS), which are designed for clinical use rather
than large-scale data sharing for Artificial Intelligence (AI) research.

As a consequence, imaging datasets are frequently fragmented across institutional silos.
While combining these datasets could significantly improve the diversity and representative-
ness of training data, the aggregation of patient data across institutions is strongly constrained
by privacy, ethical, and legal considerations. Indeed, regulatory frameworks such as the
General Data Protection Regulation (GDPR) in Europe [5] impose strict requirements on the
handling, processing, and sharing of personally identifiable health information [6–9].

Therefore, the external sharing of raw imaging data requires complex compliance proce-
dures (e.g. Data Protection Impact Assessment) or extensive de-identification processes, such
as anonymisation or de-facing. While these procedures aim to protect patient privacy, they
may also reduce the informational value of the images or complicate downstream analysis
workflows. This limitation poses a significant challenge for the development of robust AI
models in medical real-world scenarios, as they often rely on large-scale and heterogeneous
datasets to learn generalisable representations [87]. Indeed, models trained exclusively on
data from a single institution often exhibit limited performance, particularly in terms of
generalisation when evaluated on external datasets [88, 89]. This phenomenon is primarily
caused by variations in imaging devices, acquisition protocols, reconstruction parameters,
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and patient populations across institutions. Such variations introduce differences between
training and deployment data distributions, a phenomenon commonly referred to as domain
shift, which can significantly affect model performance during inference [88, 89]. Thus,
training models exclusively on small, institution-specific datasets may lead to biased or
incomplete representations of the underlying data distribution. At the same time, traditional
centralised training often conflicts with legal restrictions and institutional policies governing
patient data.

These limitations motivated the development of alternative collaborative training paradigms
that enable multi-institutional model development without requiring direct data sharing.
Among these approaches, Federated Learning (FL) emerged as one of the most promising
solutions for privacy-aware AI in healthcare [18].

3.2 Principles and Applications of Federated
Learning in Medical Imaging

FL is a distributed AI training paradigm designed to enable collaborative model training
across multiple institutions without requiring the exchange of raw data. Instead of collecting
data into a single repository, FL enables multiple institutions to collaboratively train a
ML or DL model while retaining their datasets locally stored. Each participating client
performs local optimisation and shares only model updates with a coordinating server,
which aggregates these updates to construct a global model [19, 90]. Therefore, FL is
particularly well suited to cross-organisational environments in which participating entities
are autonomous institutions that retain full control over their data while contributing to a
shared learning process.

However, this paradigm introduces several methodological challenges, which differ
from conventional centralised training. In particular, federated systems must explicitly ad-
dress heterogeneous data distributions, communication efficiency, partial client participation,
and privacy-preserving aggregation. In the context of medical imaging applications, these
challenges are particularly pronounced, as imaging data are often non-independent and
identically distributed (non-IID) across institutions. This discrepancy can be attributed to
variations in scanner vendors, acquisition protocols, patient demographics, and annotation
practices. Consequently, these variations can significantly influence model convergence and
generalisation in federated settings [19].

The categorisation of FL is determined by the distribution of data across participating
clients. In horizontal FL, each client holds datasets with the same feature space but different
samples. This is the most common configuration in medical imaging, where multiple
hospitals collect the same imaging modality (e.g. CT, MRI, or X-ray) from different patient
populations.

In contrast, vertical FL assumes that different institutions have complementary features
describing the same individuals. For instance, one institution may store imaging data while
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another holds genomic or clinical records for the same patients. Although vertical FL en-
ables multimodal modelling, it is less common in practice because patient overlap between
institutions is typically limited [15].

A second distinction concerns the scale and nature of participating clients. Indeed, FL
is commonly divided into cross-device and cross-silo settings. Cross-device FL typically
involves thousands of consumer devices, such as smartphones, each contributing small
amounts of data. In contrast, medical imaging applications almost exclusively operate in
a cross-silo FL setting, where a relatively small number of institutions (e.g. hospitals or
research centres) collaborate to train models using local datasets [90].

In cross-silo environments, the training process typically follows a server–client archi-
tecture organised into synchronous communication rounds. During each round, a central
server distributes the current global model to participating clients. Each client performs local
training using its own dataset and sends the updated model parameters back to the server,
which aggregates these updates to construct a new global model [90]. This workflow is
presented in Figure 3.3.

Figure 3.3: Representation of the cross-silo paradigm. Each client (data silo) performs local training on
its private data. The resulting local model updates are transmitted to a central server, where they are
aggregated to form an aggregated model. This model is subsequently redistributed to the participating
institutions for the next training round.

The most widely used aggregation algorithm is the Federated Averaging (FedAvg) [91,
92], which computes a weighted average of client models based on dataset size. Formally, if
client k holds nk training samples and produces local model parameters wk, the aggregated
global model wt+1 can be expressed as
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wt+1 =
K

∑
k=1

nk

n
wk

t+1 (3.12)

Although FedAvg performs effectively in various scenarios, its optimisation process
may become unstable when data distributions differ substantially across clients (formally
non-IID). Such heterogeneity can cause local model updates to diverge, thereby slowing
convergence or degrading the quality of the global model [19]. In order to address this
limitation, more advanced variants, such as the FedProx algorithm, have been proposed.
This involves the introduction of a proximal regularisation term into the local optimisation
objective [93]. Specifically, each client minimises a modified local objective function defined
as:

hk(w,wt) = Fk(w)+
µ

2
∥w−wt∥2, (3.13)

where Fk(w) denotes the original local objective function of client k, wt represents the
global model parameters at communication round t, and w denotes the local model pa-
rameters during optimisation. The coefficient µ ≥ 0 controls the strength of the proximal
constraint. This proximal term penalises large deviations of local model parameters from
the current global model, thereby limiting excessive client drift and improving optimisation
stability in heterogeneous environments. When µ = 0, the proximal term vanishes and
FedProx reduces to the standard FedAvg algorithm.

FL has been increasingly explored across a broad range of medical imaging applications.
Most existing federated medical imaging studies focused on predictive tasks, including image
classification, lesion detection, and semantic segmentation [19]. Federated CNN have been
successfully applied to brain tumour classification from MRI scans, dermatological lesion
analysis, and lung disease detection from chest imaging. Several multi-institutional studies
demonstrated that federated models can achieve performance comparable to centralised
training while preserving patient data locally [15]. Segmentation tasks have also received
significant attention. Federated implementations of architectures such as U-Net have been
applied to tumour segmentation, organ delineation, and histopathological image analysis [19].

Despite the increasing interest in FL for predictive tasks, only a few studies explored
generative applications, such as MRI reconstruction from undersampled or misaligned
data [94–96].

Nevertheless, as discussed in Section 2.1.5, I2I translation remains a crucial task in
medical imaging, particularly in radiotherapy planning and multimodal diagnostic workflows.
Tasks such as MRI-to-CT, CBCT-to-CT translation, and intra-modality MRI translation can
reduce scanning time, lower radiation exposure, and simplify clinical workflows. Indeed, cen-
tralised DL approaches based on U-Nets, GANs, or diffusion models have been extensively
explored and achieved promising results for these tasks [1, 3, 57]. However, the application
of the FL paradigm for I2I translation remained very limited.

Existing studies include FedMed-GAN and FedMed-ATL, both CycleGAN-based frame-
works for intra-modality MRI translation [97, 98], as well as a personalised federated algo-
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rithm for multi-contrast MRI synthesis employing site-specific latent representations [14]. In
the context of CT synthesis, the author of this thesis investigated a federated approach for
the MRI-to-CT synthesis using U-Nets, GANs and a Transformer architecture. The U-Net
variants, which achieved superior performance, were evaluated against several aggregation
strategies [99]. Furthermore, the author of this thesis proposed a cross-silo federated model
based on the Pix2Pix architecture for Cone Beam Computed Tomography (CBCT)-to-CT
synthesis in the head and neck region [100].

A notable aspect to emphasise is that although FL is frequently described as a privacy-
preserving framework, concerns remain regarding its ability to offer absolute protection
against information leakage. Given that model parameters or gradients are exchanged
during the federated training process, potential malicious actors may seek to infer sensitive
information from these updates. For instance, gradient inversion attacks attempt to reconstruct
training samples directly from shared gradients, while membership inference attacks aim to
determine whether a particular data point was included in the training dataset. Additional
threats include model poisoning or Byzantine attacks, in which malicious clients manipulate
local updates to degrade the global model or introduce targeted biases [19].

In order to mitigate the aforementioned risks, several mechanisms for enhancing pri-
vacy have been proposed. These include differential privacy techniques, which introduce
controlled noise into model updates in order to prevent the reconstruction of sensitive data.
Cryptographic approaches, such as secure multiparty computation and homomorphic encryp-
tion, allow model aggregation to be performed on encrypted parameters without revealing
individual client updates [90, 101]. However, these protection mechanisms introduce im-
portant trade-offs. Differential privacy may reduce model accuracy, while cryptographic
approaches increase computational overhead and communication costs. Designing secure yet
efficient federated frameworks therefore remains an active research challenge, particularly in
the context of computationally demanding generative models.

As discussed in the preceding paragraphs, FL represents a distinct paradigm shaped by
constraints related to data ownership, privacy governance, and decentralised collaboration.
While centralised DL focuses primarily on optimising model performance given access to a
unified dataset, FL must balance several competing objectives simultaneously, including pri-
vacy preservation, robustness to heterogeneous data distributions, fairness across institutions,
and communication efficiency. Thus, direct comparisons between federated and centralised
models are not always straightforward. In particular, the performance of federated models is
often influenced by non-IID data distributions across institutions or aggregation mechanisms
that cannot be tailored to a single client. This emphasises the distinct challenges inherent
in the two training paradigms. Consequently, the adoption of FL should be regarded as a
complementary approach, rather than a direct substitute for centralised methodologies.

Overall, given the limited exploration, this thesis focused on advancing the state of the
art in the field of federated I2I translation, with a particular focus on MRI-to-CT and CBCT-
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to-CT synthesis. In addition, efficiency, sustainability, and security aspects of the federated
frameworks for I2I translation and brain tumour segmentation have been investigated.
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FedSynthCT-Brain: A Federated

Brain MRI-to-CT Synthesis
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4.1 Introduction

The generation of sCT images from MRI represents a key enabling technology for MRI-
only radiotherapy workflows as well as for attenuation correction in hybrid PET/MRI
systems [1, 20, 102]. Despite the substantial progress achieved by DL–based translation
methods, several fundamental limitations persist. As reported in Chapter 1 and 3, most
existing Deep Learning (DL) models are trained on datasets that reflect narrowly defined
patient populations, which significantly restricts their ability to generalise across hetero-
geneous clinical environments [10–13]. For example, training cohorts frequently exclude
patients with metallic implants or uncommon anatomical configurations, leading to reduced
reliability of sCT generation in these clinically relevant but underrepresented scenarios [103].
Moreover, models developed using single-centre data typically exhibit degraded performance
when deployed on data acquired at external institutions, due to their susceptibility to do-
main shifts arising from variations in imaging protocols, scanner hardware, and patient
demographics [14].

In an effort to enhance generalisability in MRI-to-sCT synthesis and to advance method-
ological robustness, several studies have leveraged cross-centre and multi-centre datasets to
train models capable of generalising to multiple anatomical regions originating from diverse
institutions [53, 88, 104–106]. Beyond individual studies, community-driven initiatives such
as the SynthRAD challenges [33, 53] have been introduced to further promote the develop-
ment of powerful DL-based sCT generation methods. These initiatives enabled models to
be trained multi-centre datasets encompassing multiple anatomical regions, including brain,
head and neck and abdomen imaging.

43
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As discussed in Chapter 1 and 3, although the direct aggregation of medical images
from multiple institutions could intuitively mitigate the limitations associated with small
and homogeneous datasets, such an approach is often infeasible in practice due to strict
data protection regulations. The combined effect of limited data diversity inherent to single-
institution datasets and the practical and legal challenges associated with data centralisation
highlights the need for collaborative learning paradigms that enable access to large and
diverse datasets without requiring centralised data storage [17].

In this context, the study included in this Chapter, presents the development and valida-
tion of FedSynthCT-Brain, a federated learning framework for brain T1-weighted Magnetic
Resonance Imaging (MRI)-to-Synthetic Computed Tomography (sCT) translation.

FedSynthCT-Brain addressed these challenges by adopting a cross-silo horizontal fed-
erated learning paradigm, which enabled multiple institutions to collaboratively train a DL
model for MRI-to-sCT translation without exchanging raw patient data. The framework
was explicitly designed to operate under realistic clinical conditions, accounting for hetero-
geneity in scanner vendors, acquisition protocols, and patient populations. The proposed
approach was validated on real-world multi-centre data collected from four American and
European institutions and was further evaluated on an independent external centre to assess
its generalisation capability [99].

A comprehensive experimental analysis was conducted to assess both model performance
and system efficiency under federated conditions. The evaluation demonstrated that the
federated model generalised effectively to both unseen local clients data and the external
dataset, confirming its robustness to heterogeneous data distributions. In particular, the
analysis of multiple U-Net–based architectures showed no relevant differences in image
similarity metrics across centres or on external data, suggesting that these architectures are
sufficiently robust to handle inter-centre variability within the proposed federated framework.
Consequently, the comparison naturally shifted towards computational efficiency, which
emerged as a potential critical factor in federated environments where training time, resource
availability, and communication overhead may directly impact feasibility [99].

The investigation of federated aggregation strategies further highlighted the importance
of balancing convergence speed and stability. Among the evaluated methods, the combination
of FedAvg with a proximal term (FedProx) achieved comparable image quality to more
complex strategies while requiring fewer communication rounds, thereby reducing overall
training time and mitigating synchronisation overhead. These findings reinforced previous
observations in FL literature regarding the benefits of proximal regularisation in heteroge-
neous settings and underline the suitability of simple yet effective aggregation schemes for
medical imaging applications.

From a qualitative perspective, the federated model demonstrated reliable performance
across centres. Residual errors between the CT and the sCT were predominantly localised in
anatomically complex or low-contrast areas, such as air–bone interfaces and small detailed
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structures, reflecting known challenges in MRI-to-sCT translation. Importantly, the feder-
ation contributed to increased robustness in cases affected by acquisition-related artefacts
or reduced spatial resolution, as the shared knowledge across institutions helped stabilise
model behaviour.

Beyond implementing and validating the proposed framework, this work also introduced
a novel and dedicated training strategy, called “Random-Multi2D”, aimed at improving train-
ing robustness and generalizability under federated settings. This establishes an applicational
and methodological foundation for future developments in federated medical image synthesis.

The content of this chapter has been adapted from a manuscript previously published in
the peer-reviewed journal “Computers in Biology and Medicine”. Portions of the text are
reproduced verbatim from the published article [99]. The author of this thesis, as the first
author of the aforementioned publication, made substantial and independent contributions
to all stages of the research, as detailed in the author contributions section. Specifically, the
author was responsible for the overall conceptualisation and methodological framework, the
design and implementation of the FL pipeline, the experimental evaluation on multi-centre
data and the interpretation and discussion of the results. The author was also responsible
for developing most of the software code underlying the framework and for integrating the
trained models into the open-source SlicerModalityConverter 1 extension for the 3D Slicer
Imaging Computing Platform [107] . Furthermore, the author led the drafting and revision
of the original manuscript in close collaboration with the co-authors.

4.2 Manuscript

1SlicerModalityConverter, https://github.com/ciroraggio/
SlicerModalityConverter. Last accessed: October 27, 2026

https://github.com/ciroraggio/SlicerModalityConverter
https://github.com/ciroraggio/SlicerModalityConverter
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 A B S T R A C T

The generation of Synthetic Computed Tomography (sCT) images has become a pivotal methodology in modern 
clinical practice, particularly in the context of Radiotherapy (RT) treatment planning. The use of sCT enables 
the calculation of doses, pushing towards Magnetic Resonance Imaging (MRI) guided radiotherapy treatments. 
Moreover, with the introduction of MRI-Positron Emission Tomography (PET) hybrid scanners, the derivation 
of sCT from MRI can improve the attenuation correction of PET images.

Deep learning methods for MRI-to-sCT have shown promising results, but their reliance on single-centre 
training dataset limits generalisation capabilities to diverse clinical settings. Moreover, creating centralised 
multi-centre datasets may pose privacy concerns. To address the aforementioned issues, we introduced 
FedSynthCT-Brain, an approach based on the Federated Learning (FL) paradigm for MRI-to-sCT in brain 
imaging. This is among the first applications of FL for MRI-to-sCT, employing a cross-silo horizontal FL 
approach that allows multiple centres to collaboratively train a U-Net-based deep learning model. We validated 
our method using real multicentre data from four European and American centres, simulating heterogeneous 
scanner types and acquisition modalities, and tested its performance on an independent dataset from a centre 
outside the federation.

In the case of the unseen centre, the federated model achieved a median Mean Absolute Error (MAE) of 
102.0 HU across 23 patients, with an interquartile range of 96.7–110.5 HU. The median (interquartile range) 
for the Structural Similarity Index (SSIM) and the Peak Signal to Noise Ratio (PNSR) were 0.89 (0.86–0.89) 
and 26.58 (25.52–27.42), respectively.

The analysis of the results showed acceptable performances of the federated approach, thus highlighting 
the potential of FL to enhance MRI-to-sCT to improve generalisability and advancing safe and equitable clinical 
applications while fostering collaboration and preserving data privacy.

1. Introduction

Intermodality medical Image-To-Image (I2I) translation refers to 
the process of mapping images from one modality (e.g., Magnetic 
Resonance Imaging — MRI, Computed Tomography — CT, Positron 
Emission Tomography — PET) to another, while preserving essen-
tial structural and anatomical information. Deep Learning (DL) based 
techniques have been shown to outperform traditional methods based 
on image registration and/or voxel-wise analysis [1] and they have 
gained attention in several clinical fields, the most important being the 

∗ Corresponding author.
E-mail address: ciro.raggio@kit.edu (C.B. Raggio).

derivation of Synthetic CT (sCT) from MRI or Cone Beam CT (CBCT), to 
facilitate radiotherapy planning/adaptation or to improve attenuation 
correction in PET/MRI acquisition [2–4].

Despite the advancements in DL-based I2I, several critical limita-
tions remain. Indeed, current DL approaches are trained on datasets 
that represent specific patient populations, which hampers their gen-
eralisability across different clinical settings [5–8]. For instance, the 
training datasets often exclude patients with implants or atypical 
anatomy, resulting in synthetic CTs that are less reliable for these 
unique cases [9]. Additionally, single-site models tend to underperform 

https://doi.org/10.1016/j.compbiomed.2025.110160
Received 12 December 2024; Received in revised form 5 March 2025; Accepted 4 April 2025

Computers in Biology and Medicine 192 (2025) 110160 

Available online 22 April 2025 
0010-4825/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 



C.B. Raggio et al.

when applied to images from different medical centres, as they are 
sensitive to domain shifts in imaging protocols, scanner types, and 
patient demographics [10].

To improve generalisability in MRI-to-sCT and foster innovation 
in the field, several studies have been conducted using cross-centre 
and multi-centre datasets to create models that generalise to prostate 
and pelvic images from different sources [11–13]. The study by Han 
et al. [13] used data from multiple centres also to address the impact of 
pre-processing to harmonise images and reduce the variability between 
images using normalisation, clipping and intensity correction tech-
niques. Additionally, it investigated the impact of various combinations 
of data augmentation techniques for the MRI-to-sCT task focusing on 
deformation and rotation techniques in the case of multiple centres.

Furthermore, initiatives like the SynthRAD2023 [14] challenge have 
been proposed by the scientific community. These efforts allow DL 
models — such as the MSEP framework, the challenge winner [15,16] 
— to be trained on multi-centre datasets using both brain and pelvic 
regions, providing access to more diverse patient data. While directly 
pooling medical images from multiple sites could intuitively address the 
issue of small sample sizes, this approach faces significant barriers due 
to stringent privacy protection policies such as the Health Insurance 
Portability and Accountability Act (HIPAA)1 in the United States and 
the General Data Protection Regulation (GDPR)2 in Europe. These 
regulations impose limitations on the exchange of personal health data, 
posing practical challenging to sharing and centralising medical images 
across sites [17,18].

The presence of bias from limited diversity in images from a single 
institution, along with concerns about data centralisation, underscores 
the need for a collaborative approach that enables access to substantial 
amounts of data without centralising it [19].

Federated Learning (FL) can overcome data-sharing barriers by 
allowing multiple institutions to train a DL model collaboratively with-
out sharing their own data on a central server. This approach both 
facilitates secure data collaboration and also leverages distributed com-
puting resources to strengthen model generalisability across diverse, 
unseen datasets [20].

Given these premises, the aim of the proposed study was to establish 
a FL framework for MRI-to-sCT, which we call FedSynthCT, and to 
prove its validity in the context of brain imaging (henceforth we will 
refer to our approach as FedSynthCT-Brain).

A benchmark analysis was conducted across multiple architectures 
and different aggregation strategies in order to assess the trade-offs 
between efficiency and effectivenesses for realistic clinical applications.

To the best of the authors’ knowledge, this is among the first 
applications in the literature to employ a FL paradigm in MRI-to-sCT. 
The main contributions and innovative aspects of our work are:

• The proposal of a cross-silo horizontal FL approach for MRI-to-sCT 
in brain imaging, where data of the same type (horizontal FL) 
from various centres (or ‘‘silos’’) is collaboratively used to train 
a deep learning model. This innovation addresses key privacy 
concerns by avoiding the need to pool sensitive patient data.

• The validation of the proposed approach on real multi-centre 
data, simulating an authentic scenario where each centre handles 
heterogeneous data due to differences in scanners and acquisition 
modalities.

• The testing of the proposed FedSynthCT-Brain on an indepen-
dent dataset from a centre outside the federation to assess the 
federated model’s generalisation capability.

1 https://www.hhs.gov/hipaa/index.html.
2 https://gdpr-info.eu/.

The structure of this paper is as follows: Section 2 reviews existing 
research on computer-aided MRI-to-sCT and the use of FL for the task of 
medical-image analysis. Section 3 outlines the dataset and the proposed 
FedSynthCT-Brain approach. The experimental setup is detailed in 
Section 4. Section 5 presents the results, with further discussion in 
Section 6. Finally, Section 7 summarises the main findings and the 
impact of the proposed research while proposing future directions.

2. Related work

2.1. Centralised MRI-to-sCT

Over the past years, numerous DL methods have been implemented 
for MRI-to-sCT. The methods and models employed differed depending 
on the target anatomical regions and the computational resources 
available. Models trained on single image planes (axial, sagittal, or 
coronal) were termed 2D models. The combination of independently 
trained 2D models on different planes during or after inference led to 
improvements in accuracy and was referred to as 2D+ models [1,2,4].

Multi-plane models (Multi-2D) employed images from multiple 
planes to train a single model, leveraging inter-planar information to 
outperform 2D and 2D+ configurations. Consecutive slices also formed 
multi-channel input during 2D training, an approach known as 2.5D, 
which enhanced spatial coherence without requiring full 3D volumes. 
Smaller image segments were employed across 2D, 2D+, Multi-2D, and 
2.5D methods using 2D patching [1,2,4].

More recently, the employment of entire 3D volumes or sub-volumes 
(also named 3D patches) as input provided the most comprehensive 
spatial information and mitigated inter-slice artefacts observed in 2D-
based methods [1]. However, the primary limitation of 3D models 
lies in their higher computational demand, which requires splitting 
volumetric data into smaller 3D patches for processing [2]. This patch-
based processing may lead to the loss of global context and structural 
coherence, especially when patches are analysed in isolation [21,22]. 
Moreover, the scalability of 3D approaches in FL settings is further 
constrained due to the increased communication overhead and memory 
requirements associated with volumetric data. These factors make 3D-
DL approaches less suitable for FL real-world scenarios where limited 
computational resources requirements must be accounted for [23].

The proposed model architectures and methodologies have become 
increasingly complex in order to achieve accurate results. Among the 
most widely used models are: U-Nets, Generative Adversarial Networks 
(GANs), Transformers, and Diffusion-based architectures [1,2,4]. In ad-
dition to fundamental architectures, recent advancements in the field, 
such as I2I-Mamba, have demonstrated strong potential for multi-modal 
medical image synthesis and medical image reconstruction by lever-
aging state-space operators to enhance contextual interactions across 
different spatial orientations [24,25]. Additionally, novel diffusion-
based techniques, such as SelfRDB, have been proposed to improve 
reliability in multi-modal medical image translation, integrating self-
consistent recursive sampling and conditional guidance to enhance 
information transfer between modalities [26].

A further macro-classification of methodologies can be made by 
dividing supervised and unsupervised methods for synthetic CTs gener-
ation. Supervised techniques require accurate MRI and CT registration, 
whereas unsupervised techniques do not require registration, but have 
often demonstrated instability in convergence [27,28]. The study by 
Texier et al. [28] addressed and solved this problem related to unsu-
pervised learning, training a patch-based 3D cGAN using the ‘‘Content 
and Style Representation for Enhanced Perceptual synthesis’’ (CREPs) 
loss function and multi-centre prostate data.

Several works employed three different 2-dimensional (2D) fully 
Convolutional Neural Networks (CNN), to retain structural informa-
tion in sCTs while simultaneously reducing computational costs, espe-
cially when using U-Nets [1,29–31]. These 2D methods, by processing 
slices independently or in parallel, inherently simplify training in dis-
tributed environments, such as FL, where data sharing is constrained 
by computational heterogeneity [23].
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2.2. Federated learning in medical imaging

The growing number of studies applying FL in healthcare, partic-
ularly in medical imaging [18,32–35], reflects its increasing impor-
tance. By keeping sensitive information, such as patient data, within 
local environments (e.g., clinical centres), FL addresses the crucial 
need for confidentiality in medical applications, enabling collaborative 
large-scale model development without data sharing.

In the medical context, the focus is on cross-silo FL [36], charac-
terised by a limited number of participating entities (often ranging from 
2 to 100), where each entity is recognised as a ‘‘silo’’ of data. During 
a single round –a single communication cycle between the aggregation 
server and a set of clients (or silos)–, clients perform local training of 
their models using private data on the device itself, and then share 
updates with the server for aggregation.

The partitioning of data is of pivotal importance in this context, 
particularly in the domain of medical imaging, where datasets are 
frequently scarce, heterogeneous, and non-Independent and Identically 
Distributed (non-IID). Data imbalance has the potential to significantly 
impact model generalisation and performance across institutions, as 
medical images from disparate sources are susceptible to bias due 
to differences in equipment, protocols, and labelling processes. FL 
addresses these challenges by aggregating models from various insti-
tutions, thereby mitigating bias and improving generalisability [37].

Several studies investigated the use of FL on medical images, espe-
cially for classification and segmentation tasks.

In the field of classification, FL has been applied X-ray and CT 
images for the diagnosis of COVID-19 [38,39]. Furthermore, numer-
ous studies have focused also on the classification of skin diseases 
and lesions [40,41], prostate classification [40,42], as well as in the 
ophthalmology field for the diabetic retinopathy classification [43].

More recently, FL approaches were proposed for segmentation tasks, 
such as for brain tumour [44,45], prostate [46], optic cup and disc 
segmentation [47,48]. This led to the development of frameworks that 
integrate the aforementioned works and are capable of performing seg-
mentations of multiple anatomical structures or different image modal-
ities using FL and foundational models, such as the FedFMS [49], which 
was created to integrate the Segment Anything Model (SAM) [50] into 
the medical FL context.

Recent advancements in medical image synthesis have introduced 
innovative methods, such as FedMed-GAN, which specifically addresses 
the challenge of synthesising cross-modality brain MRI images in an 
FL setting [51]. It employs Federated Averaging (FedAvg), the de facto
aggregation strategy algorithm for FL [36], enabling the combination 
of locally trained models from multiple institutions by computing a 
weighted average of their parameters.

Inspired by the FL research, this study investigates the feasibility of 
FL for MRI-to-CT synthesis, addressing a critical gap in the literature. 
Indeed, to the best of the authors’ knowledge, this is among the first 
work to apply a cross-silo horizontal FL approach in this context, 
leveraging multi-centre real heterogeneous datasets.

3. Methods

3.1. Datasets and preprocessing

For each centre (named A, B, C, D and E) a dataset containing 
paired, co-registered MRI T1-weighted and CT images was available. 
Image acquisition was performed in accordance with the ethical stan-
dards of the 1964 Declaration of Helsinki and later amendments. Writ-
ten informed consent to use data for research purposes was obtained 
from all patients.

The image acquisition protocol and scanners differed among the 
various centres, as it is reported in Table  1. This led to image variability 
among the federated dataset and the most relevant difference can be 
appreciated in Fig.  1.

The field of view (FOV) of images from Centre A started at the 
mouth region with a straight cut off and spans towards the top of the 
skull. A fraction of the ears was also cut off.

MRIs from Centre B were acquired using a PET-MRI hybrid scanner. 
Differently from the other centres, this acquisitions were not performed 
for radiotherapy planning purposes. Thus, the tube energy in the CT 
was 120 kV and the slice thickness was 3.75 mm which introduced 
partial volume artefacts in the upper part of the skull bone. In light 
of the substantial difference in the acquisition protocol and scanners, 
Centre B dataset was used to increase the image variability within 
the federation (i.e. to introduce noise) to test the robustness of the 
federated model and simulate a real context.

Images belonging to Centre C presented higher spatial resolution in 
the cranial caudal direction compared to the other datasets. However, 
the Centre C’s dataset presented a number of additional challenges, 
including: the absence of the top of the skull in some patients, the 
presence of the scanner bed and pillow for each CT, metal artefacts, 
and high bias field artefact.

The Centre D’s and Centre E’s datasets derived exclusively from 
two different institutions of the SynthRAD2023 multi-centre dataset 
(SynthRAD Centre C and SynthRAD Centre B respectively), which was 
created for the SynthRAD challenge within different MRI-to-sCT algo-
rithms [14]. Before publication, the datasets were cropped to remove 
the facial region. The FOV covered by both imaging modalities was 
similar, except for a cut-off at the lower end with a slight angle in 
addition to a straight horizontal line.

In general, Centre D and E presented less bias field artefact when 
compared to Centre C. However, between Centre D and E, it was 
more pronounced in the Centre E dataset. Furthermore, both Cen-
tre MRIs were obtained using gadolinium-based contrast agents, thus 
introducing further heterogeneity within the federation.

To address the image variability, a pre-processing strategy was im-
plemented at each client site with the aim of harmonising data within 
the federation, without the exchange of data. Following [13], N4 Bias 
Field Correction [52] was applied to the MRI data to correct intensity 
inhomogeneity, which can result from factors such as magnetic field 
variations or patient positioning. Additionally, Min–Max Normalization 
was applied within each client to reduce variability in pixel intensity 
values.

Due to the differences in acquisition protocols, the datasets included 
images of varying dimensions (See Table  1). To standardise input for 
the federated model, all image volumes were cropped, resized, and 
padded to a uniform size of 256 × 256 × 256 voxels (See Section 4). 
This process enabled each client to preprocess its data independently 
while maintaining a consistent input format across the federation, 
thereby allowing seamless aggregation of the DL model updated from 
each client.

The elements outside the patient body (couch, immobilisation sys-
tem, pillow) were masked out on the CT volume using 3D Slicer image 
computing platform [53](Fig.  2). The obtained mask was applied also 
to the corresponding MRI to remove background noise. Voxels outside 
the mask were set to −1000 and 0 for CT and MRI respectively.

3.2. Federation setup

As shown in Fig.  3, we created a FL environment to simulate a 
realistic collaboration involving 4 distinct clients, each representing a 
different clinical centre as outlined. In this setup, each client trained 
a local DL model on its own data, while a central server coordinated 
the creation of a federated model. This federated model was built by 
aggregating key parameters (e.g., weights, biases, and batch normal-
isation parameters) from each local model after every local training 
round, effectively combining weights from all clients without sharing 
raw data. The aggregated model parameters were then redistributed 
to each client, enhancing their local models with information learned 
across all sites.

To evaluate generalisation, the federated model was tested on an 
independent dataset from a fifth centre, which none of the clients had 
access to during training.
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Table 1
Summary of the most relevant characteristics of the image datasets used in the federated learning (FL) framework. Data from Centre A, B, C, and D were used to train the federated 
model; thus Centre A, B, C, D acted as clients. The data from the Centre E (SynthRAD Centre B) served as an independent dataset for testing the generalisability of the federated 
model on unseen data. For each dataset we list the number of patients, image sizes, magnetic resonance imaging (MRI) and computed tomography (CT) scanners used, and voxel 
spacing in millimetres.
 Parameter Centre A Centre B Centre C Centre D Centre E  
 Patients # 15 14 21 29 23  
 Voxel size [mm3] MR 1,1,1 1,1,1 0.78,0.78,1 0.98–1.12,

0.98–1.12,
0.98–1.12

0.98,0.98,0.98  

 CT 0.49–0.67,
0.49–0.67,
2.5

0.98,
0.98,
3.27

0.78,
0.78,
1

0.69–0.78,
0.69–0.79,
1–3

0.59–1.27,
0.59–1.27,
1–2

 

 Scanners MR [T] MAGNETOM 
Trio [3]

Biograph 
mMR [3]

Vantage 
Titan [1.5]

MAGNETOM 
Avanto_fit, 
Skyra, 
Vida_fit, 
Prisma_fit 
[1.5–3]

MAGNETOM 
Aera, Avanto_fit 
[1.5–3]

 

 CT [kVp] LightSpeed 
QX/i [140]

Discovery ST 
[120]

Brilliance 
Sensation 
Open [120]

Brilliance Big 
Bore [120]

SOMATOM 
Definition AS 
[120]

 

 
Size

Axial 256 256 226–357 167–213 167–262  
 Sagittal 176 176 512 216–262 200–225  
 Coronal 256 248 512 250–277 225–248  

Fig. 1. Visual comparison of image appearance across datasets from multiple Centres. The FOV of the images from Centre A was limited to the level of the mouth and included 
partial cut-off of the ears. Images from centre B were acquired using a PET-MRI hybrid scanner. Furthermore the higher CT slice thickness introduced partial volume artefacts 
in the skull bone reconstruction. Images coming from centre C exhibited higher spatial resolution in the cranial caudal direction, but presented other problems, including partial 
cropping at the top of the skull and metal artefacts. Centres D and E–derived from SynthRAD2023 challenge–shared similar imaging regions with less bias fields compared to 
Centre C.

3.3. Deep learning model

Following preliminary experiments (see Section 4.4.1), the DL archi-
tecture employed in the proposed FL framework was the U-Net model 
proposed by Li et al. [54]. The network is a residual learning based 
U-Net, designed to predict 256 × 256 sCT 2D slices from 256 × 256 
MR inputs. The architecture comprises 34 convolutional layers, starting 

with a 7 × 7 convolutional layer for initial feature extraction, followed 
by multiple 3 × 3 convolutional layers.

A key feature of the architecture dealt with the inclusion of resid-
ual blocks, which consisted of two 3 × 3 convolutional layers, each 
followed by batch normalisation and rectified linear unit (ReLU) activa-
tion, and a short skip connection that added the input of the block to its 
output to improve gradient propagation and enable efficient training. In 
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Fig. 2. The figure illustrates the background masking for each institution. By eliminating potential misleading features for the model, the masking approach limits the prediction of 
the model to areas of interest and facilitates the harmonisation of the model’s knowledge within the federation. The masking process was conducted within the individual Centre. 
The parts of interest were established beforehand, as would be done in a real-world context.

the encoder path, max-pooling operations were used for downsampling 
the dimensions of the feature maps, doubling the number of filters at 
each step. In the decoder path, upsampling operations were performed 
before convolutional layers to restore feature maps to their original 
size, halving the number of filters at each step. Skip connections 
between the encoder and decoder paths facilitated the reuse of spatial 
information.

To train the aforementioned architecture, each client input 2D slices 
from each MRI in 3 anatomical planes, axial, coronal, and sagittal, as it 
is shown in Fig.  4. Slices were presented to the network in a randomised 
order. After extracting all slices from each anatomical plane, they were 
shuffled to ensure that the DL model received non-sequential input 
from more than one anatomical plane at a time. This minimised the 
risk of the model becoming overly dependent on any single plane or 
orientation, encouraging comprehensive and plane-invariant feature 
learning across all planes [55]. This method was adapted from the 
Multi-2D approach [2], modified to enhance generalisation. As a result, 
it was renamed Random Multi-2D.

3.4. Voting

As shown in Fig.  5, in order to reconstruct the sCT, the predictions 
generated by the three anatomical planes were combined using a 
median voting approach to obtain the final voxel value, as proposed 
in [30]. This post-processing procedure ensured a more uniform and 
reliable output and was applied on both the server-side and the client-
side predictions before the evaluation process. Specifically, once the 
predictions for each slice had been generated for each anatomical 
plane, the median result across the three axes was used to generate 
the final sCT voxel according to the formula [30]: 

𝑠𝐻𝑈𝑉𝑛 = median(𝑠𝐻𝑈Cor𝑛 ; 𝑠𝐻𝑈Ax𝑛 ; 𝑠𝐻𝑈Sag𝑛 ), 𝑛 ∈ {1,… , 𝑁} (1)

where 𝑉𝑛 (with 𝑛 ∈ {1,… , 𝑁}) refers to the pixel number, 𝑠𝐻𝑈 refers 
to the synthetic Hounsfield Unit value of the 𝑛 pixel for the coronal, 
axial, and sagittal sCT.
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Fig. 3. Federated setup. Each centre (also called client) has its own local data and trains a model on the local dataset. The weights of the local model are exchanged with the 
server, which, after the aggregation process, returns a federated model to the clients. The server also hosts a dataset that is not used during training, but acts as a benchmark to 
determine the generalisation ability of the model.

Fig. 4. Proposed training methodology. The pre-processed and augmented 3D (MRI) volume is subdivided into 2D slices, extracted along the three anatomical planes (sagittal, 
axial, coronal). These slices are then subjected to a random shuffling process, ensuring that the model is agnostic with respect to both the anatomical plane and the imaging 
sequence. The shuffled batch of images is then provided as input to the model.

3.5. Aggregation strategy

After testing different aggregation strategies (see Section 4.4.2), Fe-
dAvg in combination with FedProx to address the challenges associated 
with non-IID data across clients [56], was adopted for FedSynthCT-
Brain.

More in detail, the weights from each client are aggregated round-
by-round using a weighted average (thus, FedAvg), with each client’s 

contribution proportional to the size of its dataset. 

𝑤𝑡+1 =
𝐾∑
𝑘=1

𝑛𝑘
𝑛
𝑤𝑘

𝑡+1 (2)

where 𝐾 represents the number of clients, 𝑛𝑘 denotes the dataset size 
for client 𝑘, 𝑛 is the total dataset size across all clients, and 𝑤𝑘

𝑡+1 are 
the weights of client 𝑘 post-training.
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Fig. 5. Reconstruction of the sCT. The axial, coronal, and sagittal slice predictions are rearranged to construct three distinct volumes. Subsequently, a median voting approach is 
adopted using the three volumes in order to enhance the final result.

As FedAvg underperform with non-IID data [57], FedProx was 
incorporated to address this limitation. The FedProx method, specifi-
cally designed for heterogeneous federated environment, introduces a 
proximal term 𝜇2 ‖𝑤 − 𝑤𝑡‖2 to the local objective function, penalising 
large deviations from the global model weights to control local update 
variations: 
ℎ𝑘(𝑤,𝑤𝑡) = 𝐹𝑘(𝑤) + 𝜇

2
‖𝑤 −𝑤𝑡‖2 (3)

where 𝐹𝑘(𝑤) is the original local objective, 𝑤𝑡 is the pre-training global 
model weight, 𝑤 represents weights during local training, and 𝜇 is the 
proximal coefficient, within the range [0, 1]. Therefore, FedProx reduces 
update divergence and approximates FedAvg when 𝜇 = 0 [56].

4. Experimental protocol

4.1. Data preprocessing details

The pre-processing pipeline used for each dataset can be divided 
into different steps, as shown in pseudo-code (Algorithm 1). To correct 
the bias field, the N4ITK algorithm [52] was employed. The algorithm 
was applied to each MRI with identical parameters.

Algorithm 1 Pre-processing pipeline for each Centre in pseudo-code
if Volume is MRI then
 Apply N4 Bias Field Correction
end if
if Volume Size > 256 × 256 × 256 then
 Apply Crop to centre the volume
 Resize to 256 × 256 × 256
end if
if Volume Size < 256 × 256 × 256 then
 Pad to 256 × 256 × 256
end if
if Volume is MRI then
 Apply Min-Max Normalization
end if

The second step was the standardisation of the anatomical axes 
orientation, which facilitates the application of the subsequent trans-
forms and the extraction of slices. Then, all volumes that had a larger 
dimension than the target dimension were centred cropped to a size of 
328 × 256 × 328. Finally, all volumes were reshaped to a voxel size of 
1 mm × 1 mm × 1 mm.

Furthermore, the resizing and padding process was executed by es-
tablishing a maximum dimension of 256 for all directions. The padding 
values were −1000 HU and 0 for CTs and MRIs, respectively.

Finally, the intensity values of each MRI were normalised to the 
[0, 1] range using the Min–Max Normalisation.

All experiments proposed in the subsequent sections were conducted 
with 4 clients, where each client used 2 patients for validation, 2 
patients for testing, and the remaining for training.

4.2. Implementation and training settings

The implementation of the proposed work, was carried out in 
Python, using the Flower framework [58] for the FL infrastructure and 
the PyTorch [59] library for the DL implementation. To reproduce the 
federated environment and train the models, we used an NVIDIA A100 
80 GB GPU, 16 CPU cores, and 64 GB of RAM from a Supermicro 
AS-4124GS-TNR 4U Rackmount GPU SuperServer.

To maintain consistency and prevent overfitting, a custom-built 
data augmentation pipeline was implemented for each client. The Aug-
mentedDataLoader library3 was used to perform optimised on-the-fly 
data augmentation during training. In order to address the consider-
able computational demands associated with this data augmentation 
approach, two distinct data augmentation pipelines were employed: 
(i) a minimal pipeline, comprising a flip and a fixed-angle single-axis 
rotation; (ii) an extended pipeline, comprising a flip, a random-angle 
three-axis rotation and a fixed spatial translation; based on the amount 
of data available for the individual site.

A preliminary study was conducted to establish the optimal number 
of local epochs each client, thereby ensuring that the global model 
converged efficiently, rather than focusing exclusively on local optimi-
sation. This involved an investigation into the impact of varying the 
number of local clients training epochs on the overall performance of 
the global model.

As reported in [56], it is beneficial to minimise the size of local 
updates in the context of FL. With this view, experiments were con-
ducted using 1, 2, 3, and 5 epochs per round. It has been experimentally 
observed that an increasing number of epochs per round resulted in a 
proportional increase in computation time, with a degradation in image 
similarity metrics for the federated model. Consequently, the optimal 
number of local epochs was experimentally set to 1.

Each client model was trained using the Adam optimiser and the L1 
loss. After an initial experimental analysis, the learning rate (LR) was 
set to 10−4. The batch size was set to 32.

3 https://github.com/ciroraggio/AugmentedDataLoader.
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Each experiment ran for 30 rounds. This setup allowed for a rigor-
ous and fair evaluation of both the model’s ability to generalise across 
rounds and its performance on unseen data.

4.3. Performance metrics

In order to evaluate the efficacy of the federated model both on 
the clients test datasets (centres A, B, C, and D), and unseen test 
dataset (centre E) standard image similarity metrics in the MRI to CT 
translation task were employed [2,4]. These included:

• Mean Absolute Error (MAE):

MAE = 1
𝑛

𝑛∑
𝑖=1

||𝐶𝑇𝑖 − 𝑠𝐶𝑇𝑖||
where n is the total number of voxels in the region of interest.

• Structural Similarity Index Measure (SSIM) [2]:

SSIM =
(2𝜇sCT𝜇CT + 𝐶1)(2𝜎sCT,CT + 𝐶2)

(𝜇2
sCT + 𝜇2

CT + 𝐶1)(𝜎2sCT + 𝜎2CT + 𝐶2)

𝐶1 = (𝑘1𝐿)2, 𝐶2 = (𝑘2𝐿)2

𝜇 = Mean, 𝜎 = Variance/Covariance

𝐿 = Dynamic range, 𝑘1 = 0.01, 𝑘2 = 0.03

• Peak Signal-to-Noise Ratio (PSNR) [2]:

PSNR = 10 ⋅ log

(
𝑀𝐴𝑋2

𝐶𝑇
MSE

)

We further evaluated the efficiency using the time elapsed to com-
plete a fixed number of rounds. This was aimed at identifying the most 
suitable architecture for the FL framework, balancing generalisation 
capability and training time. Indeed, minimising training time is cru-
cial, as extended training may exacerbate resource constraints, increase 
communication overhead among clients, and compromise the scalabil-
ity of the system, particularly in multi-institutional collaborations [60].

4.4. Deep learning architecture and aggregation strategy selection

4.4.1. Deep learning architecture selection
We explored different DL architectures used for MRI-to-sCT con-

version, including Conditional GAN, CycleGAN and Transformers (see 
the supplementary Appendix  A for further details). Among these, we 
further investigated several variants of the U-Net architecture which 
has been used for centralised MRI-to-sCT-Simple U-Net [61], Spadea 
et al. U-Net [30], Fu et al. U-Net [62], Li et al. U-Nets [63]. These 
variants included variations in implementations, such as changes in 
network depth, feature map sizes, and the integration of attention 
mechanisms. Our analysis focused on evaluating the balance between 
computational complexity and generalisation capability across these 
architectures.

An additional investigation is presented in Appendix  B which in-
volved a comparison of the adopted training methodology (Random 
Multi-2D) with other methodologies (such as 2D+, 2D patches and 
classic Multi-2D) using the U-Net presented in Section 3.3.

4.4.2. Aggregation strategy selection
Once the most appropriate architecture was identified, a compara-

tive analysis was conducted between the chosen aggregation strategy 
(i.e., FedAvg+FedProx), simple aggregation methods, such as FedAvg, 
and optimised and more complex techniques, such as FedYogi and 
FedAvgM with the incorporation of the momentum coefficient and the 
server-side learning rate.

Further optimisation was pursued through the incorporation of 
additional techniques, including FedBN [64], and the combination 

of FedProx and FedBN, with the aim of refining and optimising the 
federated training process. In our study, the FedBN method was specif-
ically designed by the exclusion of batch normalisation layers from 
communication between the server and client. This was done with a 
particular focus on ensuring that the global model could converge more 
rapidly and improve the robustness.

To determine the range of variability of the convergence trend 
within 25 rounds, the experiments were repeated 5 times for each 
strategy.

Regarding the hyper parameters used for each strategy, FedAvgM 
required the tuning of the momentum coefficient 𝛽 and the server-side 
learning rate 𝜂𝑠. It was noted experimentally that the use of 𝛽 > 0.4 and 
𝜂𝑠 < 0.1 leads to instability due to the inability of the model to reach 
the convergence. In light of this, the parameters used for FedAvgM were 
𝛽 = 0.3 and 𝜂𝑠 = 0.2, respectively.

The FedYogi strategy necessitates the configuration and optimi-
sation of different hyper parameters. These have been empirically 
optimised following a series of experiments with the objective of sta-
bilising convergence. The best result for FedYogi was achieved with 
the following parameters: 𝜂 = 0.03, 𝜂𝑙 = 10−4, 𝛽1 = 0.6, 𝛽2 = 0.6, and 
𝜏 = 0.01.

To add FedProx, different values of the proximal coefficient 𝜇
were tested. Higher 𝜇 corresponds to a greater penalty for significant 
deviations from the global model during local training, which may 
impede the model’s convergence. On the other hand, setting 𝜇 = 0
would be equivalent to FedAvg. The optimal results for FedProx were 
obtained with a 𝜇 = 3.

The FedBN approach was also tested with FedAvg and combined 
to FedAvg and FedProx. While no parameter tuning was required for 
FedBN, the conventional approach was modified.

Batch normalisation layers were excluded solely when transmitting 
the global model to clients, thereby enabling the aggregation of all 
layers, including batch normalisation, at the server site. This alteration 
guarantees that the global model can leverage client-specific batch 
normalisation updates, enhancing its resilience when evaluated with 
previously unseen data.

5. Results

5.1. Benchmarking deep learning architectures

The performances of different state-of-the-art U-Nets, using a FL 
setup and the chosen aggregation strategy (FedAvg+FedProx), are pre-
sented in Table  2, in terms of median and inter-quartile range values 
of MAE, SSIM, and PSNR. The results are provided the test dataset of 
each centre participating to the federation (A, B, C, and D) and for the 
external centre E.

Image similarity assessment did not reveal any relevant difference 
across the tested U-Net architectures. However, when examining the 
total time required to complete 30 rounds, the U-Net architecture 
proposed by [54] required 12 h and 34 min.

Additional results obtained with different architectures, which
proved to be less suitable than U-Nets for the proposed federated task, 
are presented in Table  A.4. Nevertheless, the results obtained from the 
supplementary investigation on the performance obtained of the U-Net 
by Li et al. [54] when using different DL training methodologies are 
reported in Table  B.5.

5.2. Benchmarking aggregation strategies

Table  3 presents the best result obtained for each aggregation 
strategy, tested on the unseen dataset (centre E). Results are reported in 
terms of MAE, which resulted the most sensitive image similarity metric 
in the benchmarking of DL architectures. The experiments (Experiment 
1, 2, 3, 4, 5), were repeated 5 times for each strategy to determine 
the range of variability of the convergence trend within 25 rounds. 
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Table 2
Comparison of the results obtained with different state-of-the-art U-Nets on the unseen centre dataset and federated centres (A, B, C, D) test data based on image similarity metrics 
and training time, considered as the total time to complete a fixed number of rounds.
 Method MAE [HU] SSIM PSNR [dB] Total time  
 

Centre A

Simple U-Net [61] 85.6 (84.8–86.4) 0.96 (0.96–0.96) 33.91 (33.65–34.18) –
 Spadea et al.[30] 88.6 (88.0–89.3) 0.95 (0.95-0.95) 33.72 (33.45–33.99) –
 Fu et al. [62] 91.3 (90.7–92.0) 0.95 (0.95–0.95) 33.43 (33.15–33.71) –
 Li et al. (2020) [65] 93.0 (92.6–93.4) 0.95 (0.95–0.95) 33.34 (33.07–33.61) –
 Li et al. (2019) [54] 89.7 (89.4–90.1) 0.95 (0.95–0.95) 33.64 (33.46–33.81) –

 

Centre B

Simple U-Net [61] 126.1 (125.6–126.6) 0.86 (0.86–0.86) 21.83 (21.06–22.61) –
 Spadea et al.[30] 128.6 (128.1–129.0) 0.86 (0.85–0.86) 21.81 (21.04–22.59) –
 Fu et al. [62] 125.7 (124.8–126.7) 0.86 (0.86–0.86) 21.82 (21.04–22.61) –
 Li et al. (2020) [65] 131.0 (130.5–131.5) 0.86 (0.85–0.86) 21.77 (21.01–22.54) –
 Li et al. (2019) [54] 124.7 (124.4–125.1) 0.86 (0.86–0.86) 21.85 (21.08–22.63) –

 

Centre C

Simple U-Net [61] 97.0 (94.1–99.9) 0.74 (0.71–0.77) 20.03 (19.36–20.71) –
 Spadea et al.[30] 95.3 (92.0–98.6) 0.74 (0.71–0.77) 20.06 (19.37–20.73) –
 Fu et al. [62] 89.1 (83.8–94.3) 0.74 (0.72–0.77) 20.05 (19.38–20.75) –
 Li et al. (2020) [65] 97.1 (95.6–98.6) 0.74 (0.72–0.77) 20.03 (19.36–20.70) –
 Li et al. (2019) [54] 92.9 (89.8–96.0) 0.74 (0.72–0.77) 20.05 (19.37–20.73) –

 

Centre D

Simple U-Net [61] 70.8 (66.9–74.7) 0.93 (0.93–0.93) 27.05 (27.03–27.08) –
 Spadea et al.[30] 71.7 (68.8–74.7) 0.93 (0.93–0.93) 27.05 (27.03–27.06) –
 Fu et al. [62] 71.7 (68.4–75.0) 0.93 (0.93–0.93) 27.03 (27.01–27.05) –
 Li et al. (2020) [65] 71.6 (66.5–76.7) 0.93 (0.93–0.93) 27.04 (27.00–27.07) –
 Li et al. (2019) [54] 72.6 (63.4–76.8) 0.93 (0.93–0.93) 27.04 (27.02–27.06) –

 

Centre E (Unseen)

Simple U-Net [61] 100.3 (94.5–108.2) 0.89 (0.86–0.89) 26.56 (25.53–27.52) 16 h 22 min  
 Spadea et al.[30] 99.8 (92.6–108.9) 0.89 (0.86–0.89) 26.56 (25.53-27.52) 22 h 41 min  
 Fu et al. [62] 99.8 (94.9–106.1) 0.89 (0.86–0.89) 26.61 (25.53–27.49) 20 h 22 min  
 Li et al. (2020) [65] 98.9 (93.3–108.0) 0.89 (0.86–0.89) 26.55 (25.57–27.45) 15 h 57 min  
 Li et al. (2019) [54] 102.0 (96.7–110.5) 0.89 (0.86–0.89) 26.58 (25.52–27.42) 12 h 34 min  

Table 3
Comparison, in terms of image similarity (MAE) and number of rounds to achieve the best results among different aggregation strategies. Experiments were repeated 5 times and 
the mean and standard deviation (Std) are presented for both number of rounds and the MAE.
 Strategy Metric Experiment Mean±Std  
 1 2 3 4 5  
 FedAvg Round 10 16 20 10 18 14.8 ± 4.1  
 MAE [HU] 99.5 99.3 100.8 102.6 101.1 100.7 ± 1.4  
 FedAvgM Round 28 27 28 29 27 27.8 ± 0.7  
 MAE [HU] 102 101.8 103 101 101.4 101.8 ± 0.7  
 FedYogi Round 13 13 17 4 12 11.8 ± 4.3  
 MAE [HU] 207.7 230.6 225.9 236.1 234.4 226.9 ± 10.2 
 FedAvg + FedBN Round 20 6 15 21 21 16.6 ± 5.7  
 MAE [HU] 101 100.9 99.6 100.7 98.3 100.1 ± 1.1  
 FedAvg + FedProx + FedBN Round 15 8 15 21 19 15.6 ± 4.4  
 MAE [HU] 99.2 99.9 97.5 100.1 100.1 99.36 ± 1  
 FedAvg + FedProx  (Our) Round 18 8 14 14 9 12.6 ± 3.7  
 MAE [HU] 99.8 99.2 100.1 101.6 98.3 99.8 ± 1.1  

This comparison helps to understand which aggregation strategy gives 
the best result in a stable and efficient way. For each experiment, the 
number of rounds performed to obtain the best result is also reported. 
Fig.  D.10 reports the convergence plots for all evaluated strategies. 
Furthermore, a visual comparison of the results obtained with different 
strategies were reported in Fig.  D.11.

5.3. Federated sCTs

As reported in Table  2, using the U-Net by Li et al. [54] and Fe-
dAvg combined with FedProx as aggregation strategy, the median MAE 
(inter-quartile range) for the unseen dataset was 102.0 HU (96.7–110.5 
HU).

Fig.  6 shows results for the best and worst cases of Centre E.
A view of the central slice in the three anatomical places is pro-

vided, demonstrating the advantages and limitations of the framework. 
Furthermore, the difference between the ground truth CT and the sCT 
is shown to assess critical pattern in the sCT generation.

The results obtained by the federated model on one random patient 
of each client test dataset are also presented for each centre in Figs.  7
and 8. The central slice of the three anatomical planes is provided for 

the clients’ data, along with the ground truth CT and sCT difference. 
The figures include rectangles of different colours to identify errors or 
artefacts observed in the images during the comparative analysis, that 
are not evident when considering only the similarity metrics.

6. Discussion

This study addressed the challenges of bias and limited diversity in 
medical imaging datasets caused by single-institution reliance in the 
context of MRI-to-sCT. Our proposal was to introduce a FL framework 
designed for MRI-to-CT synthesis in brain imaging, FedSyntCT-Brain. 
We reproduced a realistic FL environment, adhering to all FL principles, 
using a cross-silo horizontal FL paradigm to enable the collaborative 
training of DL models as if multiple institutions were involved. To 
further validate the effectiveness of our approach, we tested the per-
formance of the federated model on an unseen dataset, demonstrating 
its generalisability to external heterogeneous data sources.

Regarding the evaluation of U-Net architectures, the results ob-
tained on Centre E — the unseen dataset — as well as across the 
various Centres in the federation, reveal no relevant differences in 
image similarity metrics when comparing different architectures. Based 
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Fig. 6. The figure shows the central slice for the axial, coronal and sagittal planes, which is used for an evaluation of the worst and best – A and B respectively – predictions 
based on image similarity metrics of the federated model on the unseen dataset (Centre E). The Detail A (in green), shows the ability of the model to predict a missing portion 
of bone, although the case A was from the unseen Centre. In the case B, the Detail B.1 (in red) highlights a calcification in the ground truth CT, which is not correctly predicted 
by the model. In the case B, the Detail B.2 (in blue) also highlights a thin duplication of the upper skull bone. This issue has been identified exclusively within the predictions 
generated by the federated model on the Centre E dataset. The colour map on the left illustrates the differences between the CT and the sCT, highlighting regions where the model 
exhibits a higher or lower tendency to over or underestimate the actual outcome.

on the MAE metric, the minimal variation in HU does not allow 
for the identification of a clearly superior U-Net design. This could 
imply that, within the context of the FedSynthCT-Brain framework, the 
architectures are sufficiently robust to handle the data variability across 
the different centres. Furthermore, SSIM and PSNR, being less sensi-
tive to small variations than MAE, remained stable when comparing 
different architectures within the same centre. Consequently, the focus 
shifted to evaluating the disparity in efficiency among the different 
implementations, as this becomes a critical factor in determining the 
most suitable model for FL applications.

Referring to results about the time taken to complete the experiment 
for a fixed number of rounds (Total Time, see Table  2), the U-Net 
proposed by Li et al. [54] was the most efficient. These findings are rele-
vant in federated environments, where limited computational resources 
and the time spent on computation become major factors. Conse-
quently, a model that requires less time to be trained and federated, 
might mitigate interruptions in the communication during training and 
minimise synchronisation times.

The employment of U-Net architectures was further justified by 
supplementary experiments comparing various models, including Con-
ditional GAN, CycleGAN and Transformers. The results of these ex-
periments, which are discussed in Appendix  A, demonstrated that 

the U-Net achieved the optimal overall performance, balancing image 
similarity metrics and computational efficiency, thus rendering them 
more suitable for FL MRI-to-sCT applications.

Moving to the aggregation strategies, the analysis of FedAvg results 
(see Table  3, revealed that the optimal performance were obtained 
in 25 rounds, exhibiting minimal variation – 1.4 HU – in terms of 
MAE. However, when compared to the proposed aggregation method 
(FedAvg+FedProx), FedAvg required an average higher number of 
rounds, indicating a longer time to reach its optimal result. Referring 
to the Table  3, using FedProx enhances the performance of FedAvg 
and accelerates the convergence process, achieving its optimal result 
in an average of 12.6 ± 3.7 rounds, compared to 14.8 ± 4.1 rounds for 
the FedAvg alone. This finding aligns with previous studies in closer 
fields of research, which highlight that the introduction of a proximal 
term can mitigate the impact of client heterogeneity and improve 
convergence stability in FL settings.

Despite the introduction of the momentum coefficient and the 
server-side learning rate, the FedAvgM strategy was unable to improve 
the performance in terms of image similarity. Also in this case, a min-
imal stochastic variation in terms of MAE was observed. As illustrated 
in both Fig.  D.10 and Table  3, while the trend of convergence remains 
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Fig. 7. The figure shows the central slice for the axial, coronal, and sagittal planes, which is used for an assessment of one of the two test cases of Centres A and B, respectively. 
The Detail A (in red) comparison highlight the approximation of the small structure performed by the model during the sCT generation for Centre A. Detail B comparison (in 
blue) shows the presence of artefact in Centre B’s ground-truth CTs, whereby the upper skull is larger than expected. Despite this artefact, the federated model predicts a smaller 
skull structure, and thus a more realistic outcome.

consistent across experiments, FedAvgM requires 27.8 ± 0.7 (mean ±
std) rounds, thereby doubling the number of rounds to achieve the 
optimal result in comparison to the proposed aggregation strategy. 
Consequently, it can be deduced that the momentum coefficient and 
the server-side learning rate do not offer any advantages in terms 
of performance or image quality when compared to the proposed 
method. Similar challenges with FedAvgM have been reported in [66], 
where the additional hyperparameters introduced by momentum strate-
gies were found to complicate tuning without consistently improving 
performance.

The more complex and optimised strategy FedYogi, presented sev-
eral stability problems in the performed experiments. Despite the efforts 
made to tune the hyper-parameters of the strategy, it did not yield 
comparable or acceptable results compared to simpler strategies, as 
evidenced by the average MAE of 226.9 ± 10.2.

From Table  3, a delay in the convergence of the simpler FedAvg 
has been noted when introducing FedBN, in contrast to the approach 
of combining only FedProx.

To confirm the benefit of the proximal term in this specific federated 
task, a combination of FedProx with FedAvg and FedBN (FedAvg + 
FedProx + FedBN) was investigated. It is evident from Table  3 that, 
despite the lack of improvement, the introduction of the proximal 
term (FedProx) resulted in a slight reduction in the average number 
of rounds required for convergence. Consequently, we concluded that 

the chosen strategy, which involves the simple combination of FedAvg 
with FedProx, with a proximal coefficient 𝜇 = 3, offers a comparable 
performance to more complex and optimised strategies, while requiring 
fewer rounds.

As in the case of the U-Nets evaluation, our findings reaffirm 
previous insights into the balance between model efficiency and effi-
cacy [56] while highlighting opportunities for future exploration, par-
ticularly in aggregation strategies that improve robustness and resource 
efficiency in FL scenarios.

Regarding the generalisation ability of the federated model, the 
evaluation of CT and sCT similarity on the unseen dataset (see Fig.  6) 
revealed that for the predominant portion of the image, specifically the 
soft tissue, the discrepancy ranges between −100 HU and 100 HU, with 
peak errors occurring in specific and limited regions, such as the nasal 
and oral cavities.

Some inconsistencies were identified in the upper skull of a few 
patients, indicated by the Detail B.2 in Fig.  6, case B). The wrong 
I2I translation produced a subtle bone mirroring. In other cases the 
federated model was not able to predict the presence of calcifications in 
the brain tissue. This failure can be attributed to the limited number of 
examples that exhibited this brain calcification in the federation, which 
precluded the model from identifying abnormal cases such as the one 
highlighted.
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Fig. 8. The results obtained from the federated model for one of the two test cases of Centres C and D. As for the other Centres of the federation, conversion problems emerge 
in small and detailed areas, while for the majority of the image composed of soft tissue the error remains contained.

Despite the Centre E’s dataset being external to the training, the 
federated model demonstrated its capacity to predict a missing portion 
of bone in the axial view (see Fig.  6, case A, Detail A).

The results of the individual centres presented in Figs.  7 and 8, 
exhibited various advantages and disadvantages, given the differing 
characteristics of the data from each Centre.

In Fig.  7 the aforementioned issue identified in the upper part of 
the skull for some cases of the Centre E does not occur. However, the 
smaller and more detailed areas tended to be approximated, resulting 
in a loss of detail, particularly in the proximity of the nasal cavities, 
as can be note within the red box provided in the coronal view for the 
test case of the centre A.

As described in Section 3.1, Centre B was introduced in the federa-
tion to increase data heterogeneity, as the MRIs were acquired with a 
hybrid PET-MRI scanner, with larger CT slice thickness and different X-
ray tube energy (120 kV vs. 140 kV). From Table  2, it is evident that the 
error for the Centre B is greater than for the other clients, emphasising 
the difference from the other images in the federation. However, it can 
be observed that the error is partly due to the lower spatial resolution of 
the ground truth CT, introducing partial volume artefacts in the upper 
part of the skull (see Fig.  7, Detail B). The result of this artefact is 
a noticeable, unrealistic thickening of the bone, as presented in Fig. 
C.9. Despite this problem, the skull bone of the predicted federated 

sCT appears more realistic and consistent with other examples. This 
establishes an advantage of the federation, as the influence given by 
the weights of the other Centres allows the federated model to remain 
robust in front of optimisation errors during training.

In Fig.  8, results obtained for Centres C and D test cases are pre-
sented. The limitations of the model in reconstructing small, detailed 
parts are also evident in these cases. However, from the difference 
shown on the left, it can be observed that the error for the largest part 
of the images is always in the [−100,100] HU range, while the highest 
errors are consistently present in the proximity of the air and detailed 
zones.

Furthermore, in order to support the validity of the proposed train-
ing strategy, the results obtained through alternative well-established 
training methodologies using the Li et al. model were presented and 
discussed in detail in Appendix  B, demonstrating the effectiveness of 
the chosen Random Multi-2D training approach.

This work established the foundations for future developments. 
Several limitations of the employed architecture could be addressed by 
adopting more advanced medical image synthesis methodologies [24–
26], optimising their efficiency, and ensuring compatibility with the 
FL environment. A possible improvement could also involve optimising 
the implementation of 3D architectures for federated scenarios by 
leveraging more efficient training strategies, such as model pruning, 
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knowledge distillation, or dimensionality reduction [67]. Additionally, 
exploring hybrid federated approaches, such as cross-silo horizontal FL 
with asynchronous updates or client clustering [68,69], could reduce 
synchronisation times.

A further limitation of the present study was the available compu-
tational resources, which imposed a limit on the number of clients that 
could be incorporated into the federation. In future work, a real-world 
deployment could be considered to mitigate the constraints imposed by 
a single, although powerful, machine. In addition, the evaluation of the 
generated sCTs using the emerging sCT quality control algorithms [70] 
has the potential to enhance the comprehension of the limitations of the 
federated framework and to introduce enhancements in future studies.

Moreover, the implementation of specific pre-processing or data 
harmonisation techniques can be considered to enhance the homogene-
ity of the data and to mitigate potential hidden artefacts [13]. This, 
consequently, will improve the quality of the sCTs for both the Centres 
within the federation and in the generalisation task.

7. Conclusion

We proposed, for the first time to best of our knowledge, a FL 
approach for MRI to sCT, with a specific focus on the brain region. 
Despite the intrinsic complexity of the task, which was evaluated 
including real clinical datasets. The results illustrate the potential of 
this methodology to safeguard patient confidentiality while sustaining 
robust model performance. The incorporation of additional clinics and 
institutions into the federation will enhance the accessibility of diverse 
and heterogeneous data, thereby optimising the model’s generalisabil-
ity and performance in a secure and scalable manner. This approach 
allows for the creation of a model with the capacity to generalise to 
previously unseen datasets, which is a crucial aspect for wider clinical 
applicability. Furthermore, it underscores the viability of federated 
learning as a sustainable solution for medical imaging tasks.

Apart from the advantages that have been highlighted, the objective 
of this work was to establish the foundations for future research. 
Multiple approaches can be followed to enhance the final outcome 
and progressively reduce the necessity for data centralisation and the 
training of individual models for each clinic. Future developments will 
include dosimetric studies to establish whether the results obtained can 
be used also in the clinical environment for external beam radiotherapy 
and targeted radionuclide treatments, as well as the benchmarking of 
aggregation methods that extend beyond classical methodologies but 
necessitate additional effort for implementation, such as FedFisher [71] 
and FedDG [72]. Furthermore, efforts will be made to integrate and 
optimise recent sCT methods employing complex 3D architectures.
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Appendix A. Investigation of deep learning architectures

This preliminary investigation was conducted using data from cen-
tres A and C, with Centre E used as the unseen dataset. This choice 
reduced computational time and allowed evaluation of multiple archi-
tectures. The hyper-parameters used are detailed in Section 4.2. The 
minimal augmentation pipeline was used to further reduce the compu-
tational time. Among the selected architectures, were: U-Net (described 
in Section 3.3), Conditional GAN (Pix2Pix GAN, with a U-Net-based 
generator) [73], and CycleGAN (with a ResNet-based generator) [74], 
which are commonly used in image-to-image translation or CT synthe-
sis tasks [1,2,4]. Despite its inherent complexity, we also evaluated the 
winning deep learning (DL) model of the SynthRAD challenge, which 
used a patch-based approach for centralised MRI-to-sCT [14], namely 
the MSEP architecture [16].

Pix2Pix Conditional GAN. The Pix2Pix conditional GAN (cGAN) 
model employed a U-Net-based generator and a PatchGAN discrimina-
tor, used to have a 30 × 30 probability patch in output rather than a 
single value. For this model, an hybrid loss that integrated the pixel-
wise error of the prediction and the discriminator’s assessment was 
employed.

CycleGAN. The CycleGAN used in this study was composed of 
two generators and two discriminators. The generator networks were 
implemented as instances of a ResNet, while PatchGANs with an output 
size of 30 × 30 were employed for the discriminators. The generator 
loss was calculated as a weighted average of three components: paired 
pixel-wise loss, cycle-consistency loss, and adversarial loss.

MSEP. To enable its use in a FL context, we adapted the orig-
inal implementation accordingly. To train the MSEP, patches with 
dimensions 48 × 160 × 160 were extracted from each sample. The 
location of each patch was chosen randomly every epoch to increase 
the amount of possible training input data needed by intrinsic nature of 
the architecture. Since with this 3D DL approach, the model predicted 
overlapping patches and the number of predictions was not constant 
across the volume, the average value was calculated for each voxel 
using the median voting approach to reach a consensus.

In this scenario, the hardware needed to lead the experiment was 
an NVIDIA A100 80 GB GPU, 32 CPU cores, and 256 GB of RAM from 
a Supermicro AS-4124GS-TNR 4U Rackmount GPU SuperServer.

The results reported in A.4 demonstrated that the U-Net obtained 
the optimal overall performance, taking into account both image simi-
larity metrics and computational efficiency, with a training duration of 
6 h employing only Centre A and C.
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Table A.4
The median and interquartile range (IR) for the mean absolute error (MAE), the structural similarity index (SSIM), and the peak signal-to-noise 
ratio (PSNR) obtained using different architectures, as well as the total time required for the experiments.
 Model Centre E (Unseen)
 MAE [HU] SSIM PSNR [dB] Time  
 U-Net 110.4 (91.2–126.1) 0.88 (0.85–0.89) 26.44 (25.42–27.27) 6 h 00 min  
 Pix2Pix 122.0 (104.6–139.1) 0.87 (0.85–0.87) 26.31 (25.27–26.98) 4 h 00 min  
 CycleGAN 121.4 (115.7–130.9) 0.87 (0.85–0.88) 26.30 (25.32–27.07) 10 h 28 min  
 MSEP 240.5 (220.7–250.7) 0.79 (0.77–0.80) 23.70 (23.09–24.29) 85 h 37 mina 
a Time required to perform a single round.

Table B.5
The median and interquartile range (IR) for the mean absolute error (MAE), structural similarity index (SSIM), and peak signal-to-noise ratio 
(PSNR) obtained for each training paradigm. The total training time required to complete 25 rounds is also reported.
 Method Centre E (Unseen)
 MAE [HU] SSIM PSNR [dB] Time  
 2D+ 104.0 (99.5–115.6) 0.89 (0.86–0.89) 26.49 (25.43–27.35) 16 h 00 min 
 2D Patches 162.4 (155.3–173.0) 0.84 (0.82-0.85) 25.52 (24.65–26.12) 8 h 39 min  
 Multi-2D 111.7 (107.7–122.3) 0.88 (0.85–0.89) 26.33 (25.32–27.20) 9 h 35 min  
 Random Multi-2D (Our) 102.0 (96.7–110.5) 0.89 (0.86–0.89) 26.58 (25.52–27.42) 12 h 34 min 

Although the timing of Pix2Pix GAN was favourable, its conversion 
performance was inferior to that of U-Net under the same condi-
tions. This difference was especially evident from the median and 
interquartile range of the MAE presented in Table  A.4.

The CycleGAN model demonstrated inferior performance in terms 
of image similarity when employing equivalent settings, with a training 
duration of 10 h and 28 min that was nevertheless less efficient than 
the U-Net.

Regarding the MSEP transformer-based architecture, despite efforts 
to reduce computational overhead — such as limiting the number of 
participating clients and reducing the size of the 3D patches — the 
time required for a single federated round remained prohibitively high. 
Specifically, one round took approximately 85 h and 37 min. More-
over, the federated MSEP architecture’s performance fell short when 
compared to its centralised counterpart. This decline can be primarily 
attributed to: (i) the adjustments made to the training pipeline to 
accommodate the federated framework, and (ii) the reduced number 
of rounds and clients necessitated by the computational complexity of 
the 3D approach.

Appendix B. Training methods investigation

The primary objective of this investigation was to further evaluate 
the effectiveness of the proposed FL training approach compared to 
well-established training methods described in the literature for the 
MRI-to-sCT task in a centralised setting, described in Section 2.1. This 
investigation was applied to the selected model, U-Net by Li et al. [54], 
which had previously demonstrated better performance in terms of 
efficiency when compared with different U-Nets. The hyper-parameters 
used are detailed in Section 4.2. The model was trained across Centres 
A, B, C, D, with Centre E serving as an unseen test dataset. The per-
formance of each training methodology was assessed using the metrics 
described in Section 4.3, computed on the unseen dataset. In the patch-
based method, we extracted randomly cropped patches of 160 × 160 
pixels to maximise contextual information. Overlapping regions were 
merged using pixel-wise averaging.

The results presented in Table  B.5 further supported the superior-
ity of the proposed Random Multi-2D approach over the alternative 
2D methods evaluated. Specifically, the Random Multi-2D method 
achieved performance in terms of image similarity metrics comparable 
to the 2D+ approach, where each model was specifically trained on a 
single plane (axial, coronal and sagittal). Our training method required 
only a single model for all anatomical planes, thereby simplifying the 
federated training and inference processes. Additionally, the training 

time was significantly reduced with the Random Multi-2D model com-
pleting training in 12 h and 34 min, compared to 16 h for the 2D+ 
models. In contrast, the 2D patch-based method requiring less training 
time but exhibited inferior performance across all image similarity 
metrics.

In comparison with the classical Multi-2D [2] method, the proposed 
Random Multi-2D approach yielded superior image similarity metrics, 
albeit at a higher computational cost, which can be attributed to the 
shuffling operation conducted by local clients during federated training. 
Moreover, the utilisation of our method enabled the federated model to 
attain superior outcomes in comparison to alternative training methods 
after only 5 rounds.

The findings of this additional study demonstrated that the Random 
Multi-2D paradigm not only exhibited competitive performance in com-
parison to the 2D+ approach, but also demonstrated improved com-
putational efficiency and substituting a more generic model for three 
specific models. Furthermore, the proposed training method yielded 
superior generalisation performance compared to the classical Multi-
2D method, thus justifying the suitability of the Random Multi-2D 
paradigm for FL MRI-to-sCT scenarios.

Appendix C. Centre B artefact measurement

See Fig.  C.9.

Appendix D. Aggregation strategies investigation

Convergence trends

See Fig.  D.10.

Generated sCTs

As shown in Table  3, the evaluated strategies produced qualita-
tively comparable results, with similar mean absolute errors (MAE). 
This observation is further supported by Fig.  D.11, which provides a 
visual comparison of the results obtained using different aggregation 
strategies on an axial slice of an example sCT from the same patient 
of the unseen Centre E. The discrepancy between the ground truth 
CT and the sCT is also illustrated. Notably, the sCT corresponding to 
FedYogi demonstrated a more pronounced discrepancy from the ground 
truth CT, in line with the highest MAE value reported in Table  3. This 
finding confirmed the limitations of FedYogi for the MRI-to-sCT task 
compared to the other aggregation strategies, as well as the pivotal 
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Fig. C.9. Measurement of a portion of the skull to highlight the partial volume artefact due to the higher slice thickness in Centre B CTs.

Fig. D.10. Comparison of convergence trends of aggregation strategies.
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Fig. D.11. Visual comparison of sCT generated with different aggregation strategies on an axial slice from a patient of Centre E. The discrepancy between the ground truth CT 
and the sCT is highlighted on the right.

role of the aggregation strategy in the federated context. Indeed, as 
well as determining the quality of the generated sCT, the strategy had 
a decisive influence on model convergence.

Data availability

The data used for the study acquired from centre A, B and C are 
confidential. The data from Centre D and Centre E were extracted from 
the public SynthRAD2023 Grand Challenge dataset and are available 
at https://synthrad2023.grand-challenge.org/.
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Chapter 5
Privacy-Preserving and

Generalizable Federated Head
and Neck CBCT-to-CT Translation

5.1 Introduction

Cone Beam Computed Tomography (CBCT) has become a cornerstone of modern Image-
guided radiotherapy (IGRT), enabling volumetric imaging directly in the treatment room.
It supports daily patient positioning, treatment plan verification, margin reduction as well
as dose escalation strategies. The integration of CBCT systems into linear accelerators has
significantly improved treatment precision and facilitated the development of online adaptive
radiotherapy paradigms. However, despite its widespread adoption, CBCT imaging remains
intrinsically limited by increased noise, reduced soft-tissue contrast and scatter artefacts.
These factors lead to inaccurate Hounsfield Unit (HU) values, preventing its direct use for
electron density estimation and dose calculation. To overcome these limitations, synthetic
Computed Tomography (CT) generation has emerged as a key enabling technology for CBCT-
based adaptive radiotherapy, allowing the translation of CBCT volumes into CT-equivalent
images with improved dosimetric reliability [1, 57, 108]. In particular, Deep Learning
(DL)-based Image-to-Image (I2I) translation methods have demonstrated strong capability
in learning complex, non-linear mappings between degraded CBCT inputs and high-quality
CT targets, producing synthetic images suitable for adaptive planning workflows [1, 53, 57,
109]. Convolutional architectures such as U-Net [65] and adversarial frameworks based on
conditional Generative Adversarial Networks (GANs) have shown promising performance
in preserving anatomical structures while restoring realistic intensity distributions.

Despite the effectiveness of DL–based CBCT-to-sCT translation methods, their clinical
scalability remains limited by institutional heterogeneity, scanner-dependent variability, and
protocol-specific domain shifts, which typically confine model training to single-centre
datasets. At the same time (as reported in Chapter 1 and 3) multi-centre data aggregation is
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constrained by data protection regulations, making centralised training paradigms suboptimal
in real-world clinical settings [18, 57, 99, 101, 110].

Building upon the methodological foundations established in the FedSynthCT-Brain
study [99] (presented in Chapter 4), this study extended the FedSynthCT framework to
CBCT imaging and head and neck IGRT potential application. Compared to MRI-to-CT
translation, CBCT-to-CT synthesis requires the restoration of physically meaningful HU
values from degraded, scatter-affected scans. Moreover, the head and neck anatomical site
introduces increased structural variability, high-density dental materials, and air cavities,
making the task particularly sensitive to misalignment and residual artefacts.

To address these challenges, a cross-silo horizontal federated strategy was adopted
to collaboratively train a Conditional Generative Adversarial Network (cGAN) using the
SynthRAD2025 dataset [33], enabling decentralised training without data sharing. The
proposed framework was validated both on the three federated centres and on an independent
external dataset, demonstrating robust cross-centre generalisation without site-specific fine-
tuning.

Overall, the results of the study presented in this Chapter, demonstrated the techni-
cal feasibility of federated CBCT-to-Synthetic Computed Tomography (sCT) synthesis as
a privacy-preserving and scalable solution for developing centre-agnostic models in the
adaptive radiotherapy context.

The content of this chapter has been adapted from a manuscript previously published in
the peer-reviewed journal “Frontiers in Digital Health”. Portions of the text are reproduced
verbatim from the published article [100]. The author of this thesis, as first author of the
manuscript, led the conceptualisation, methodological design, implementation, experimental
evaluation, and interpretation of the results. The author was also responsible for integrating
the trained model into the open-source SlicerModalityConverter extension for the 3D Slicer
Imaging Computing Platform [107].
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Background: Cone-beam computed tomography (CBCT) has become a widely 

adopted modality for image-guided radiotherapy (IGRT). However, CBCT is 

characterized by increased noise, limited soft-tissue contrast, and artifacts. 

These issues result in unreliable Hounsfield unit (HU) values, which limits 

electron density estimation for direct dose calculation. These issues have 

been addressed by deriving synthetic CT (sCT) from CBCT, particularly by 

adopting deep learning (DL) methods. However, existing DL approaches are 

hindered by institutional heterogeneity, scanner-dependent variations, and 

data privacy regulations that prevented multi-center data sharing.

Methods: To overcome these challenges, we propose a cross-silo federated 

learning (FL) approach for CBCT-to-sCT synthesis in the head and neck 

region. This approach extends the original FedSynthCT framework to a 

different image modality and anatomical region. A conditional generative 

adversarial network (cGAN) was trained using data from three European 

medical centers within the SynthRAD2025 public challenge dataset while 

maintaining data privacy at each institution. A combination of the FedAvg and 

FedProx aggregation strategies, alongside a standardized preprocessing 

pipeline, was adopted to federate the DL model.

Results: The federated model effectively generalized across participating 

centers, as evidenced by the mean absolute error (MAE) ranging from 

64.38 + 13.63 to 85.90 + 7.10 HU, the structural similarity index (SSIM) 

ranging from 0.88 + 0.02 to 0.92 + 0.04, and the peak signal-to-noise ratio 

(PSNR) ranging from 32.86 + 0.94 to 34.91 + 1.04 dB. Notably, performance 

on an external validation dataset of 60 patients yielded comparable metrics: a 

MAE of 75.22 + 11.81 HU, an SSIM of 0.90 + 0.03 and a PSNR of 

33.52 + 2.06, confirming robust cross-center generalization despite 

differences in imaging protocols and scanner types, without additional 

training. Furthermore, a visual analysis of the results revealed that the 

obtained metrics were influenced by registration errors.

Conclusions: Our findings demonstrated the technical feasibility of FL for 

CBCT-to-sCT synthesis task while preserving data privacy, offering a 

collaborative solution for developing generalizable models across institutions 

without requiring data sharing or center-specific models.
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1 Introduction

Radiotherapy (RT) has seen significant advancements in 

recent decades, particularly with the integration of image-guided 

radiotherapy (IGRT). IGRT involves the use of frequent imaging 

during treatment to account for anatomical changes and 

improve the accuracy of radiation delivery. Cone-beam 

computed tomography (CBCT) scanners are often incorporated 

into the gantry of linear accelerators, facilitating their 

integration into clinical practice. Consequently, CBCT emerged 

as one of the most widely adopted IGRT modalities (1–3). The 

advent of CBCT addressed the limitations of planar imaging, 

previously dominant in early image guidance, by enabling 

volumetric imaging directly within the treatment suite, 

significantly improving treatment precision and clinical 

work'ows (2, 4, 5). This technological evolution enabled 

improved alignment, visualization of patient anatomy, and real- 

time verification of target localization, allowing clinicians to 

manage both inter- and intra-fractional anatomical variability. 

As a result, CBCT became a pivotal technology in the 

development of online image-guided adaptive radiotherapy 

(IGART) approaches (4–7). Despite these advantages, CBCT is 

hindered by several drawbacks, including increased image noise, 

reduced soft-tissue contrast, and reconstruction artifacts, which 

lead to unreliable Hounsfield Unit (HU) values and limit its 

applicability in electron density estimation for direct dose 

calculation (1, 5, 6). To overcome these limitations, the concept 

of synthetic CT (sCT) generation was introduced, where CBCT 

images are translated into equivalent synthetic CT images with 

improved dosimetric fidelity. This approach avoids unnecessary 

radiation exposure and reduces clinical workload by eliminating 

the need for additional scans (3, 5, 8).

The CBCT-to-sCT conversion task has evolved considerably, 

with applications across diverse anatomical regions, including 

head and neck, thorax, pelvis, prostate, abdomen, and pancreas, 

highlighting both its broad clinical relevance and intrinsic 

methodological challenges (3, 9). Among the strategies 

developed for sCT generation, deep learning (DL) approaches 

have proven especially effective, demonstrating strong 

capabilities in learning complex, non-linear mappings between 

image domains and producing high-quality synthetic images 

suitable for adaptive RT applications (1, 3, 5, 8).

Convolutional Neural Networks (CNNs) have been widely 

adopted in medical image analysis due to their ability to extract 

both local and global features, making them well suited for 

enhancing CBCT image quality in CBCT-to-sCT synthesis tasks. 

In this context, the U-Net architecture (10), has demonstrated 

notable efficacy in image-to-image translation tasks by enabling 

pixel-level predictions while preserving spatial and contextual 

information (3, 9). Generative Adversarial Networks (GANs) 

have also been extensively employed, particularly conditional 

GANs such as Pix2Pix (11), which utilize a generator- 

discriminator framework and a PatchGAN discriminator to 

promote local structural consistency and realistic texture 

synthesis. Cycle-GAN architectures further introduced cycle 

consistency constraints to preserve anatomical structures during 

CBCT-CT translation, although training instability has been 

reported (3, 9). More recent approaches have explored 

Transformer-based architectures and Denoising Diffusion 

Probabilistic Models (DDPMs) for sCT generation. 

Transformer-based models, such as TransCBCT (12), employ 

self-attention mechanisms to capture long-range spatial 

dependencies and complex anatomical relationships, but require 

large training datasets, substantial computational resources, and 

are sensitive to image resolution (3, 12). DDPMs, which learn to 

reverse a progressive noising process, have demonstrated high- 

fidelity sCT generation when conditioned on CBCT inputs, but 

are similarly computationally intensive and characterized by 

slow inference and high hardware requirements (3). Despite 

their architectural differences, all of the aforementioned models 

have demonstrated promising performance in producing 

clinically viable sCTs for radiotherapy planning (3, 9).

The evaluation of sCT generation DL models in predicting 

accurate images comparable to gold standard planning CTs, also 

named ground-truth CT, was assessed by computing metrics 

such as mean absolute error (MAE), mean squared error (MSE), 

peak signal-to-noise ratio (PSNR), and structural similarity 

index (SSIM), computed within patient-specific masks to 

exclude background regions. Among these metrics, the MAE 

was often used as loss function, and was referred to as masked 

MAE or L1 Loss (3, 9). Gradient descent-based optimization has 

been extensively adopted for the iterative update of model 

weights. Concurrently, pre-processing methodologies such as 

image registration, image normalization and data augmentation 

have been demonstrated to be critical for model performance 

and stability (3, 8, 9, 13).

Despite the increasing adoption of DL for the sCT generation, 

its application remains limited by institutional heterogeneity, 

scanner-dependent variations, and heterogeneous imaging 

protocols, often necessitating single-site model training and 

constraining clinical scalability (3, 7, 14). Although multi-center 

data aggregation could partially address these limitations, it is 

severely constrained by strict data privacy regulations, such as 

the General Data Protection Regulation (GDPR)1 in Europe, and 

the Health Insurance Portability and Accountability Act 

(HIPAA)2 in the United States, which restrict the sharing and 

centralization of sensitive medical data (14–16). These 

limitations emphasize the necessity for collaborative solutions 

that facilitate access to diverse and extensive datasets without 

necessitating direct data sharing or centralized storage.

In this context, federated learning (FL) has emerged as a 

decentralized training paradigm that enables institutions to 

collaboratively train DL models while keeping data local, thereby 

maintaining compliance with privacy regulations and enhancing 

cross-center collaboration (17–19). FL has gained increasing 

attention in medical imaging, with applications in classification 

and segmentation tasks (16, 17, 20–23). Beyond the domains of 

classification and segmentation, federated approaches recently 

emerged in the context of medical image synthesis. For instance, 

FedMed-GAN has been developed to synthesize cross-modality 

brain magnetic resonance images while leveraging simple 

federated aggregation techniques such as the federated averaging 

(FedAvg), which averaging the locally updated model weights 

1https://gdpr-info.eu/.
2https://www.hhs.gov/hipaa/index.html.
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from multiple clients to obtain a global model without sharing raw 

data (24, 25).

FedSynthCT-Brain was the first study to demonstrate the 

successful application of FL to the sCT synthesis task, 

specifically from brain T1-weighted magnetic resonance imaging 

(MRI) data, without compromising performance on external 

datasets (14). This finding suggested potential applications for 

extending the federated concept to the context of CBCT-to-sCT 

translation, where the development of robust, center-agnostic 

and generalizable models is essential for clinical adoption (8).

More in details, while MRI-to-CT translation involves 

inferring HU values from images which cannot inherently 

encode them, CBCT measures x-ray attenuation but suffers from 

severe quality degradation. Thus, the main challenge in the 

CBCT-to-CT translation task shifts from learning a cross- 

modality mapping to restoring accurate HU values from noisy, 

scattered and vendor-dependent reconstructed images. 

Furthermore, the transition of the model working region, from 

the brain (introduced by FedSynthCT-Brain) to the head and 

neck, introduces greater anatomical variability and high-contrast 

structures, such as dental implants and extensive air cavities. 

Consequently, this transition results in a task that is 

substantially different and more sensitive to misalignment and 

residual registration errors. These factors make the successful 

deployment of FL in this setting non-straightforward and 

highlight the need for a dedicated framework to determine 

whether federated training can remain robust and viable under 

such adverse and heterogeneous conditions.

Therefore, in this study, we proposed a cross-silo horizontal 

FL approach for CBCT-to-sCT in the head and neck region, 

extending the FedSynthCT (14) framework to a different 

imaging modality and a larger anatomical region. A federated 

DL model was collaboratively trained using data from different 

European centers of the public SynthRAD2025 challenge dataset 

(26). The approach was validated not only on each federated 

center but also on an independent dataset outside the 

federation. This validation process was used to assess model 

generalization capabilities, thereby demonstrating that the 

proposed approach can result in more robust and generalizable 

models while preserving data privacy.

2 Materials and methods

2.1 Datasets

The datasets employed in this work were from the publicly 

available SynthRAD2025 challenge repository (26, 27). The 

institutions (also referred to as centers or clients) focus on head 

and neck (HN) region and were labeled as centers A, B, C, and 

E. Center D was deliberately excluded from this study due to 

the limited availability. For consistency, we adopted the same 

naming convention for the centers as used in the challenge.

As reported, a few thorax scans were included in the HN cohort 

(26); these outlier cases were excluded from the study. The final 

number of subjects included per center is reported in Table 1. 

For each subject, the dataset included a CBCT scan, a CT scan, 

and a binary segmentation mask delineating the patient body.

Variability in imaging protocols and scanner types among 

relevant centers has been identified. Notably, CBCT scans from 

Center E were acquired using a different system, in contrast to 

the devices employed in centers A, B and C. Center E also 

exhibited markedly longer exposure times and higher in-plane 

resolution variability. Regarding the CT images, it was observed 

that all centers employed standard 120 kVp acquisitions; 

however, exposure time, slice thickness and pixel spacing varied.

TABLE 1 Overview of the key CBCT and CT original acquisition parameters used at Centers A, B, C, and E according to the dataset documentation (26).

Parameter Center A Center B Center C Center E

CBCT

Patient # 60 65 63 63

Scanner Elekta XVI v5.x Elekta XVI v5.52 Elekta XVI v5.x Varian TrueBeam OBI

kVp 100–120 100 120 100–125

Exposure Time [ms] 10–32 10 22 7,500–18,060

Rows/Columns 270 270 270–512 � 270–512 512 � 512

Pixel spacing [mm] 1 � 1 1 � 1 1 � 1 0.5–0.9 � 0.5–0.9

Slice thickness [mm] 1 1 1 2

CT

Patient # 60 65 63 63

Scanner Philips Big Bore (90), Siemens 

Biograph40 (10)

Toshiba Aquilion/ 

LB

Philips Brilliance Big Bore (93), Siemens 

Biograph40 (7)

Toshiba Aquilion/LB, Siemens 

Biograph128

kV 120 120 120 120

Exposure Time [ms] 615–1,000 500–1,000 922–1457 500–1,000

Rows/Columns 512 512 512 512

Pixel spacing [mm] 0.7–1.4 � 0.7–1.4 1.1–1.4 � 1.1–1.4 1–1.2 � 1–1.2 1–1.5 � 1–1.5

Slice thickness [mm] 2–3 1–3 2–3 3–5
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2.2 Federation setup and pre-processing

The federated training setup included a central server associated 

with Center A dataset and three clients from Centers B, C, and 

E. An overview of the proposed FL framework is illustrated in 

Figure 1. The federated infrastructure was implemented using 

Flower (28), PyTorch (29) and MONAI (30). The federated 

training followed a cross-silo, synchronous, and full-participation 

scheme. At each global round, all clients performed local updates 

simultaneously, and the server aggregated the global model 

parameters only after receiving updates from every client. 

Experiments were conducted on a single-node machine with an 

NVIDIA A100 (80GB), 16 CPU cores, and 128GB RAM. While 

all experiments were conducted within a single-node environment 

for prototyping purposes, the FL framework incorporated all the 

necessary components to replicate a real-world federated 

deployment, including encrypted communication using TLS 

certificates, client reconnection strategies, and the ability to 

resume training from saved checkpoints.

The Center A dataset was reserved exclusively for external 

validation, enabling an evaluation of the federated model’s 

generalization performance. Within each participating client, 

four validation patients and four test patients were held out, 

while the remaining cases were used to train local models. This 

allocation re'ects a trade-off between maximizing client training 

data and maintaining a diagnostic set for monitoring local 

fitting behavior, with the primary generalization assessment 

assigned to the external cohort from Center A. Overall, of the 

251 patients included in the study, 167 contributed to federated 

training (� 66:5% of the total data), 24 were allocated to local 

validation and test sets across the three clients (� 9:5% of the 

total data), and 60 served as the independent external test 

cohort, representing � 24% of the total data.

Since data were released for a public challenge, several pre- 

processing operations were applied by the authors prior to the 

publication, such as isotropic resampling, defacing, and rigid 

registration between modalities, resulting in residual anatomical 

misalignments between CBCTs and CTs (26). To mitigate the 

impact of these residual misalignments on model evaluation, an 

additional deformable registration step was applied exclusively 

to the test patients.

To ensure consistent spatial resolution across the federation, each 

client applied a standardized pre-processing pipeline to locally adapt 

data to a 256 � 256 � 256 image grid dimension. This decentralized 

approach –which avoided any inter-client data exchange– involved 

conditional cropping followed by resizing and constant-padding as 

needed. Furthermore, an intensity processing was applied. A local 

normalization process was performed on each client for each 

CBCT scan, employing a LUT-based normalization method 

proposed by Vicario et al. (31) with a fixed intensity range of 

[�800, 2,000]. Subsequently, CT scans were clipped to the range 

[�1,000, 1,500] to mitigate the impact of extreme values 

introduced by metal implants. These ranges were empirically 

chosen by analyzing the CBCTs and CTs intensity distributions 

available at each client site, without exchanging any images.

This preliminary harmonization step allowed for the 

approximation of a common intensity range across clients while 

preserving the constraints of the federated paradigm.

FIGURE 1 

Schematic overview of the proposed FL framework. Three clients (Centers B, C, and E) implement a standardized preprocessing and data 

augmentation pipeline for their local datasets. Each client k performs local model training at round t, introducing the FedProx regularization. The 

locally updated weights (wt) are subsequently transmitted to a central server, where they are aggregated via FedAvg. The resulting global model 

(wtþ1) is subsequently redistributed to all clients for the next round. The Center A dataset is exclusively reserved for external validation, thereby 

enabling an evaluation of the federated model’s generalization performance.
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2.3 Deep learning model

The DL architecture employed relied on the cGAN paradigm, 

and more specifically, on the original Pix2Pix (11) architecture.3

Pix2Pix has been identified as one of the most widely adopted 

architectures for the CBCT-to-sCT translation task, as indicated 

in Section 1. The adversarial paradigm exhibited a remarkable 

capacity in managing imperfectly paired or partially aligned 

data, a prevalent scenario in clinical practice where precise 

voxel-wise correspondence between images cannot be assured, 

even after the registration process. This has led to the 

identification of Pix2Pix as a suitable and practical solution for 

our application setting.

The generator was structured as a 2D U-Net with eight 

encoder-decoder blocks connected via skip connections, and 

included dropout layers to mitigate overfitting. The 

discriminator was implemented as a 2D PatchGAN, composed 

of convolutional blocks combining 2D convolutions, instance 

normalization, and LeakyReLU activations to assess local realism 

at the patch level.

The training of the DL model was implemented using the 

Random-Multi2D sampling approach, to enhance the robustness 

and generalisability. This approach consisted of presenting to 

the model different axial, sagittal, and coronal slices in a 

randomized order, ensuring that the DL model received non- 

sequential input from multiple anatomical planes (14).

In detail, the discriminator’s objective (Equation 1) was 

achieved by minimizing the sum of two sigmoid cross-entropy 

losses:

LD ¼
1

2
� [BCE(D(CT, CBCT), 1)

þ BCE(D(sCT, CBCT), 0)] (1) 

where BCE(�) was the cross-entropy loss output, D(�) was the 

discriminator output, and 1 and 0 were images of ones and 

zeros indicating real and fake labels, respectively. The first term 

penalized misclassifications of CTs as fake, while the second 

term penalized misclassifications of sCTs as real.

The adversarial loss function employed for the optimization of 

the generator (Equation 2) was combined by two components. 

The first was a sigmoid cross-entropy loss that enabled the 

discriminator to classify the generated images as real or fake:

LGAN ¼ BCE(D(sCT, CBCT), 1): (2) 

The second term was the L1 loss (Equation 3) , specifically the 

Masked MAE (see Equation 7)—typically employed for this task 

as reported in Section 1—between the generated sCT and the 

ground-truth CT, which enforced structural similarity and 

penalized large deviations. This loss was also referred to as pixel 

loss:

L pixel ¼ MAE(CT � sCT): (3) 

The total generator loss (Equation 4) was subsequently computed 

as:

LG ¼ LGAN þ l pixel � L pixel, (4) 

where l pixel ¼ 100 as reported in the original Pix2Pix study (11).

Inference was based on the median voxel-voting mechanism. 

Specifically, following the generation of the slice-wise 

predictions along each anatomical plane, the final sCT volume 

was computed by taking the median across the three 

orientations (1, 14). Both training and inference strategies were 

previously validated in the federated scenario within the 

FedSynthCT-Brain framework (14).

In each local client, the model was trained using a batch size of 

32 slices before participating in a federated aggregation round. The 

Adam optimizer with a learning rate of 10�4 was used. An 

additional investigation was conducted to establish the optimal 

number of local epochs, comparing 1, 2 and 3 epochs per round.

To further improve robustness and cross-site generalization, a 

consistent data augmentation pipeline was applied at the client 

level. Each client independently introduced random geometric 

and intensity transforms during the training phase, including 

'ipping, rotations, translations, and random rescaling or shifting 

of intensity values.

2.4 Aggregation strategy and sensitivity 
analysis

The combination of FedAvg and FedProx (32) was employed 

as aggregation strategy for this study. The aggregation was 

equivalent with the approach used in the FedSynthCT-Brain 

study, as it was identified as the optimal aggregation strategy, 

yielding results that are equivalent to results obtained by 

alternative strategies while requiring a reduced number of 

rounds (14). Nevertheless, in order to determine the optimal 

proximal coefficient m and to verify that the hyperparameter 

choice originally established in the FedSynthCT-Brain study (14) 

remains appropriate for the CBCT-to-sCT synthesis task, a 

sensitivity analysis was conducted.

The FedAvg algorithm was implemented on the server side to 

aggregate the clients’ weights, ensuring that the contribution of 

each client was proportional to the size of its dataset. Therefore, 

in the Equation 5, K represents the total amount of clients; nk 

denotes the number of samples for a single client k; n is the 

total amount of samples across the federation, and wk
tþ1 

represents the post-training weights of the client k.

wtþ1 ¼
X

K

k¼1

nk

n
wk

tþ1 (5) 

The FedProx method was subsequently implemented on the client 

side, thereby introducing a proximal term, denoted by 
m
2
kw � wtk

2 to the local objective function (thus, the Masked 

MAE loss). This term penalized large deviations from the global 

model weights in order to control local update variations. The 

Equation 6 provides a formal explanation of the impact of the 

proximal term on the client model. The original local objective 3https://github.com/phillipi/pix2pix.
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is denoted by Fk(w), the pre-training global model weight by wt, 

the weights during local training by w, and the proximal 

coefficient by m. Consequently, FedProx mitigates update 

divergence and approximates FedAvg when m ¼ 0, as evidenced 

in the original FedProx study (32).

hk(w, wt) ¼ Fk(w) þ
m

2
kw � wtk

2 (6) 

To assess the sensitivity of the aggregation strategy to the proximal 

coefficient m, four configurations were evaluated: (i) m ¼ 0 

(FedAvg), (ii) m ¼ 1, (iii) m ¼ 3, and (iv) m ¼ 5. All other 

hyperparameters (presented in Section 2.3) were held constant 

across configurations. Each experiment was run for a total of 50 

global rounds, ensuring sufficient training time for convergence 

and enabling fair comparisons across different m configurations.

2.5 Evaluation

The performance of the federated model was evaluated using 

standard image similarity metrics—presented in Section 1—on 

the external test dataset (Center A) and the client test datasets 

(Centers B, C, and E). Specifically, the following metrics were 

employed: 

• Masked Mean Absolute Error:

MAE ¼
1

n

X

n

i¼1

CTi � sCTij j, (7) 

where n is the number of voxels within the region of 

interest (ROI).

• Masked Structural Similarity Index Measure (SSIM):

SSIM ¼
(2msCTmCT þ C1)(2ssCT,CT þ C2)

(m2
sCT

þ m2
CT

þ C1)(s2
sCT

þ s2
CT

þ C2)
, (8) 

where the mean (m), variance/covariance (s), and constants 

C1 ¼ (k1L)2, C2 ¼ (k2L)2 are computed over the ROI. Here, 

L is the dynamic range of the CT image, with k1 ¼ 0:01 and 

k2 ¼ 0:03.

• Masked Peak Signal-to-Noise Ratio (PSNR):

PSNR ¼ 10 � log10

MAX2
CT

MSE

� �

, (9) 

where MAXCT is the maximum intensity value in the CT 

image and MSE is the mean squared error between CT 

and sCT within the ROI.

In order to assess the impact of registration errors on image 

similarity metrics, a registration quality analysis was conducted 

on the external test cohort from Center A, which was 

sufficiently large to enable a correlation analysis. For each 

patient, the Normalized Mutual Information (33) (NMI) 

between the CT and CBCT volumes was computed both before 

and after the additional deformable registration step. Thus, the 

NMI was used an intensity-based surrogate for registration 

quality. The patient-specific variation in NMI was defined as:

DNMI ¼ NMIafter � NMIbefore (10) 

This variation was then correlated with the corresponding change 

in generation error:

DMAE ¼ MAEafter � MAEbefore (11) 

where MAEafter and MAEbefore denote the MAE (see Equation 

7), obtained by using as input the CBCT volumes after and before 

the deformable registration step, respectively.

3 Results

The performance of the proposed federated cGAN model 

across multiple clinical centers was assessed through both 

quantitative and qualitative analyses, as reported in Table 2 and 

Figures 3–6, respectively.

The convergence curves obtained across different m 

configurations (m ¼ 0, 1, 3, 5) are presented in Figure 2. In all 

configurations, the global MAE demonstrated a rapid decrease 

during the initial 5–10 global rounds, from �310 HU to values in 

the range of 90–130 HU, followed by a stable plateau beyond 

round 30–35, with round-to-round 'uctuations remaining below 

+5 HU. The quantitative metrics across all configurations 

demonstrated high consistency (Table 2), with marginal variations 

in MAE, SSIM (Equation 8)  and PSNR (Equation 9). Among the 

tested configurations, m ¼ 3 exhibited the most stable convergence 

trajectory, with reduced oscillations during the intermediate 

rounds compared to m ¼ 5, and a faster initial descent relative to 

m ¼ 0 (FedAvg) and m ¼ 1. Therefore, the m ¼ 3 configuration 

was selected on the basis of its convergence properties, rather than 

on marginal differences in image quality metrics.

Subsequently, an additional investigation on the optimal 

number of local epochs was conducted (see Section 2.3). The 

convergence curves and quantitative metrics are provided in 

Supplementary Figure S1 and Supplementary Table S1, 

respectively. The federated training with a single local epoch led 

to a notable decrease in the stability of the global model 

convergence, exhibiting increased oscillations across rounds. As 

the number of local epochs per round increased (2 and 3), a 

proportional increase in computation time was observed, along 

with a progressively faster early descent and smaller oscillations 

in the intermediate rounds. Furthermore, a comparable outcome 

was observed in configurations with 2 and 3 local epochs, where 

convergence plateau was reached around round 30. However, no 

substantial differences were observed in the image similarity 

metrics. Indeed, MAE differences across centers ranged between 

1–4 HU, with no single configuration consistently 

outperforming the others across all centers (see Supplementary 

Table S1). Consequently, given that increasing the number of 

local epochs failed to yield a substantial improvement in 

performance and instead led to an increase in the computational 

load on local clients, while a single epoch introduced instability 

in global convergence, adopting two local epochs was 

Raggio et al.                                                                                                                                                           10.3389/fdgth.2026.1812254

Frontiers in Digital Health 06 frontiersin.org



determined to be an optimal trade-off, balancing the stability of 

the global convergence trend, the performance of the federated 

model, and the computational cost on clients.

Therefore, all the subsequent per-center results reported 

herein refer to the m ¼ 3 and 2 local epochs configuration.

As detailed in Section 2.2, Center A dataset was excluded from 

the federated training process and served as an external test set, 

including 60 test cases that provided a more robust and less 

biased estimation of the model’s generalization capabilities. 

Centers B, C, and E contributed data to train the federated 

TABLE 2 Quantitative performance across all centers for the four proximal coefficient m configurations evaluated in the sensitivity analysis.

Center Configuration m MAE [HU] SSIM PSNR [dB]

Center A (external) FedAvg 0 75:17 + 12:54 0:90 + 0:04 33:63 + 2:18

FedAvg þ FedProx 1 75:57 + 12:61 0:90 + 0:04 33:61 + 2:14

FedAvg þ FedProx 3 75:22 + 11:81 0:90 + 0:03 33:52 + 2:06

FedAvg þ FedProx 5 75:80 + 12:51 0:90 + 0:04 33:59 + 2:13

Center B FedAvg 0 81:92 + 5:89 0:88 + 0:02 33:09 + 0:93

FedAvg þ FedProx 1 82:22 + 6:11 0:88 + 0:02 33:07 + 0:93

FedAvg þ FedProx 3 85:90 + 7:10 0:88 + 0:02 32:86 + 0:94

FedAvg þ FedProx 5 82:15 + 6:30 0:89 + 0:02 33:06 + 0:88

Center C FedAvg 0 64:75 + 14:38 0:92 + 0:04 34:38 + 1:38

FedAvg þ FedProx 1 65:02 + 14:43 0:92 + 0:04 34:38 + 1:35

FedAvg þ FedProx 3 64:38 + 13:63 0:92 + 0:04 34:48 + 1:39

FedAvg þ FedProx 5 65:86 + 14:68 0:92 + 0:04 34:27 + 1:37

Center E FedAvg 0 75:55 + 13:40 0:91 + 0:02 34:74 + 1:03

FedAvg þ FedProx 1 74:71 + 12:93 0:92 + 0:01 34:81 + 0:98

FedAvg þ FedProx 3 74:22 + 13:23 0:92 + 0:01 34:91 + 1:04

FedAvg þ FedProx 5 74:14 + 12:49 0:92 + 0:01 34:90 + 0:98

Results are reported as mean + standard deviation. Center A was used exclusively for external testing, while Centers B, C, and E participated in the federated training.

FIGURE 2 

Sensitivity analysis of the proximal coefficient m. All configurations exhibit a rapid convergence within the first 5–10 rounds, followed by a stable 

plateau after approximately round 20–30. The configuration of m ¼ 3 yields the most stable and rapid convergence trend, with reduced 

oscillations compared to m ¼ 5, and a faster initial descent relative to m ¼ 0 and m ¼ 1.
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model, with each center reserving four patients for local 

evaluation. As shown in Table 2 (for m ¼ 3), despite not 

participating in the federated training, Center A achieved 

performance metrics comparable to those of the training 

centers, with a MAE of 75:22 + 11:81 HU, an SSIM of 

0:90 + 0:03, and a PSNR of 33:52 + 2:06 dB. A qualitative 

evaluation of the best and worst test cases from Center A 

(Figure 3) showed that the generated sCTs aligned closely with 

the ground-truth CTs. The error maps, computed as 

jCT � sCTj, indicated that most deviations were within 

+100 HU. The absolute difference between the original CBCT 

and the ground-truth CT, reported as jCBCT � CTj in Figure 3, 

highlighted spatial discrepancies mainly related to anatomical 

variations and registration mismatches.

Among the federated clients, Center B obtained a 

MAE ¼ 85:90 + 7:10 HU, an SSIM ¼ 0:88 + 0:02, and a 

PSNR ¼ 32:86 + 0:94 dB. Qualitative results (Figure 4) 

demonstrated that the generated sCTs were anatomically consistent 

with the ground-truth CTs, particularly in the representation of 

major structures.

Center C yielded the best overall quantitative performance, 

with the lowest MAE (64:38 + 13:63 HU), highest SSIM 

(0:92 + 0:04), and highest PSNR (34:48 + 1:39 dB). The worst- 

case example (2HNC123) shown in Figure 5 showed that the 

dominant discrepancies were associated with misalignments 

between CBCT and CT rather than pure generation errors.

Center E achieved results consistent with the overall federation 

despite images being acquired using a different scanner and 

FIGURE 3 

Visual evaluation of the best and worst sCT cases from Center A, used exclusively as an external test set. For each case, the mid-axial slice of the 

original CBCT, the ground-truth CT, the generated sCT, and the absolute difference maps for CBCT-to-CT and sCT-to-CT (error map) are 

shown. Additionally, intensity distributions of the sCT and CT for the displayed slice are presented, overlaid with the pixel-wise MAE. These 

distributions highlight the conversion accuracy across different tissue density ranges. Notably, regions with very high absolute differences appear 

in both CBCT-to-CT and error maps, suggesting the presence of residual misregistration between CBCT and CT scans.

FIGURE 4 

Qualitative results for the best and worst sCT cases from Center B, which showed lower image similarity metrics among the training centers. 

Widespread registration artifacts between CBCT and CT scans contributed to the visible errors. This was especially evident in the oral cavity of the 

2HNB109 patient, and are reflected in both jCBCT � CTj figure and error map.

Raggio et al.                                                                                                                                                           10.3389/fdgth.2026.1812254

Frontiers in Digital Health 08 frontiersin.org



acquisition protocol (Table 1). The federated model achieved a 

MAE ¼ 74:22 + 13:23 HU, an SSIM ¼ 0:92 + 0:01, and a 

PSNR ¼ 34:91 + 1:04 dB (Table 2). Furthermore, quantitative 

results confirmed the quality of the generated sCTs, as shown in 

Figure 6.

The results of the registration quality analysis described in Section 

2.5 are presented in Figure 7. A significant negative correlation 

between DNMI (Equation 10) and DMAE (Equation 11) was 

observed in the Center A cohort, with a Pearson coefficient of 

r ¼ �0:63 (p ¼ 5:95 � 10�8) and a Spearman coefficient of 

r ¼ �0:61 (2:35 � 10�7).

4 Discussion

In this work, we investigated whether a cross-silo FL 

framework can support robust CBCT-to-sCT synthesis in the 

head and neck region under realistic multi-center constraints. 

Specifically, we extended the FedSynthCT (14) study to a 

different imaging modality and a more anatomically 

heterogeneous region, evaluating its performance across three 

federated European centers and an independent external 

validation cohort from the SynthRAD2025 dataset (27). By 

analyzing both quantitative metrics and qualitative image 

characteristics, we aimed to determine whether federated 

training can preserve generalization capability despite inter- 

institutional variability in scanners, acquisition protocols, and 

anatomical presentation, without requiring data sharing or 

center-specific retraining.

A sensitivity analysis was conducted on the proximal 

coefficient m, which confirmed the suitability of m ¼ 3 for the 

current task in accordance with the findings of FedSynthCT- 

Brain (14), despite the acknowledged differences in imaging 

modality, anatomical region, and scanner heterogeneity. As 

FIGURE 5 

Visual comparison of the best and worst sCT cases from Center C. Compared to the other centers, Center C showed fewer registration-related errors 

and better image similarity, as evidenced by both the error maps (jCT � sCTj) and the distribution plots. However, case 2HNC123, identified as the 

worst-performing example, exhibited evident misalignments prior to the sCT generation despite the additional registration process.

FIGURE 6 

Visual evaluation of the best and worst sCT cases from Center E. Despite the use of a different scanner and acquisition protocol, the model maintained 

strong performance, with distribution plots indicating consistent HU alignment and localized discrepancies, mostly in air and bone regions due to 

inter-scan misalignments.
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demonstrated in Figure 2, the convergence behavior exhibited that 

moderate regularization (m ¼ 3) accelerated and stabilized 

convergence in comparison to FedAvg (m ¼ 0), m ¼ 1 and 

m ¼ 5. Indeed, for m , 3 the convergence was slower and 

exhibited greater 'uctuations in the intermediate rounds 

(approximately rounds 9–20), while more severe regularization 

(m ¼ 5) introduced instability in the intermediate rounds, 

delaying optimization. Consequently, this finding indicates that 

proximal regularization is beneficial, but leads to over- 

constraining local updates and hinders global convergence when 

severe. Notably, the minimal variations in the final image 

quality metrics across all m configurations (Table 2), suggest that 

the convergence benefit of m ¼ 3 occurs without compromising 

final performance. Furthermore, the consistent plateau behavior 

observed across all configurations demonstrated that 50 rounds 

were sufficient to ensure stable convergence of the federated 

model.

The local epochs analysis revealed that a single local epoch 

introduced instability and slowed convergence (see 

Supplementary Figure S1). The configurations with 2 and 3 local 

epochs yielded fewer oscillations across rounds. However, no 

substantial improvement in image quality metrics was observed, 

with MAE differences ranging from 1 to 4 HU across centers 

and no consistent hierarchy among configurations. Moreover, 

minimizing local updates in the context of FL is typically 

advantageous to mitigate client drift (24). Although FedProx 

partially constrains local divergence, its regularizing effect could 

diminish as the number of local epochs increases (32). 

Consequently, 2 local epochs were selected as the configuration 

that optimally balanced convergence stability, model 

performance, and computational cost on local clients.

External validation on Center A enabled further investigation 

into the generalization capability of the federated model in a fully 

independent setting. The observed performance metrics were 

comparable to those obtained across the participating centers, 

despite the absence of additional training or fine-tuning. These 

findings suggest stable model behavior on previously unseen 

data. Furthermore, qualitative analysis indicated that residual 

spatial discrepancies (Figure 3) between CBCT and planning CT 

were predominantly associated with registration inaccuracies and 

anatomical variations occurring during treatment. For instance, 

anatomical differences in the oral cavity were observed in 

patient 2HNA011 (Figure 3); these misalignments were 

propagated to the generated sCT, affecting its apparent visual 

quality and negatively in'uencing the quantitative metrics 

reported in Table 2.

Across the federated centers, performance differences were 

primarily attributed to image misalignments, despite the 

inclusion of an additional deformable registration step for the 

evaluation data. The lower performance at Center B relative to 

Centers C, E, and the external Center A was mainly attributable 

to a higher prevalence of misalignments. In contrast, the 

superior performance at Center C re'ected a reduced in'uence 

of registration errors, resulting in higher image similarity 

FIGURE 7 

Correlation between DNMI and DMAE (HU) for the Center A test cohort before and after the deformable image registration. A significant negative 

correlation was observed (Pearson r ¼ �0:63, 5:95 � 10�8; Spearman r ¼ �0:61, p ¼ 2:35 � 10�7). This finding indicates that enhancements in 

deformable registration, consequently leading to enhanced intensity correspondence between CT and CBCT, are associated with a decrease in 

MAE.The deterioration of NMI corresponds to MAE increases of � 20�60 HU (upper-left area). In contrast, cases for which NMI improved 

substantially DNMI � 10%�15% exhibit a consistent MAE reduction (lower-right area).
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metrics. Taken together, these observations suggest that 

registration quality, rather than the inherent capability of the 

generative model, represented a primary limiting factor in the 

evaluation. To provide further analytical insights, an additional 

investigation was conducted on the Center A test cohort using 

NMI as an intensity-based surrogate for registration quality (see 

Section 2.5). Although NMI lacks direct geometric quantification 

of spatial misalignment, it measures intensity correspondence 

between CT and CBCT volumes. A significant negative 

correlation was identified between DNMI and DMAE. 

Furthermore, Figure 7 supports the hypothesis that residual 

misalignment systematically affects sCT evaluation. In detail, 

when deformable registration substantially improved intensity 

correspondence (DNMI � 10%�15%), a corresponding MAE 

reduction was observed. In contrast, when NMI deteriorated, 

MAE degraded by approximately 20–60 HU (upper-left area of 

Figure 7).

However, the robustness of the federated model was further 

re'ected by the results obtained at Center E, where data were 

acquired using a different scanner and acquisition protocol. 

Despite this domain shift, the model maintained performance 

levels consistent with the federation, highlighting its capacity 

to adapt across heterogeneous scanners. A global analysis 

across all centers, focusing on anatomical structures and HU 

distributions, demonstrated that the model preserved tissue- 

specific intensity patterns (Figures 3–6). The largest errors were 

consistently observed in tissues occupying smaller volumes in 

the head and neck region, such as air cavities and dense bone, 

which were underrepresented in the training data relative to 

soft tissues. These regions are intrinsically more challenging to 

predict accurately and, due to their extreme HU values, 

disproportionately affected image similarity metrics.

A limitation of this study concerns the quantitative evaluation 

strategy. As demonstrated by the NMI-MAE correlation analysis, 

residual misalignment systematically affected the MAE. However, 

its independent contribution could not be isolated precisely. 

Furthermore, the local test sets comprised four patients per client, 

with the purpose of assessing the federated model fitting at the 

client level. This methodological approach inherently introduces 

higher variability in performance estimates. Nevertheless, the 

findings in Table 2 and Figures 3–6 demonstrated consistent 

performance of the federated model across both local and 

external testing, indicating its capacity to maintain comparable 

outcomes for the clients and the independent center.

In addition, although the integration of FL-generated sCTs 

into RT treatment planning represents a potential clinical 

application of this work, its direct evaluation was not feasible in 

this study due to the absence of dosimetric and planning data in 

the SynthRAD2025 dataset, which contains imaging data only. 

This scenario also re'ects a realistic clinical setting in which 

sensitive RT data are not shared, further underlining the 

relevance of FL as a framework for privacy-preserving multi- 

institutional model development. Thus, future research may 

focus on evaluating the clinical applicability of sCTs generated 

through FL. Furthermore, FL does not inherently guarantee 

complete privacy protection. Potential information leakage from 

shared model updates has been reported in the literature, 

including through gradient and model inversion attacks (34, 35). 

Mitigation strategies such as secure aggregation or differential 

privacy can further reduce these risks (34, 35). While these 

strategies have not been explicitly examined in this work, they 

remain an important area for future research in federated 

sCT generation.

From a methodological perspective, federated and 

centralized DL represent distinct optimization paradigms 

rather than interchangeable training strategies. As previously 

observed in the FedSynthCT-Brain (14) study, methodological 

configurations that are effective in centralized settings may not 

necessarily translate directly to federated environments, where 

statistical heterogeneity, client-specific data distributions, and 

aggregation constraints fundamentally shape the learning 

dynamics. Centralized training optimizes performance under 

full data availability and implicitly benefits from pooled 

distributions, whereas FL aims to achieve stable cross- 

institutional performance while preserving data privacy and 

respecting structural data-sharing constraints. FL also 

introduces additional communication and synchronization 

overhead compared to centralized training, which may increase 

overall training time, although this cost is often offset by the 

practical benefits of decentralized data access and improved 

feasibility in multi-institutional settings. Within this 

framework, moderate center-specific performance trade-offs 

should be interpreted in light of the federated objective: 

promoting generalization across heterogeneous institutions 

rather than maximizing performance on any single site. 

Federated models may also serve as robust shared 

initializations that can be further adapted through optional 

local fine-tuning when institution-specific optimization is 

required. Accordingly, FL should be regarded not as a 

substitute for centralized training, but as a complementary 

collaborative framework tailored to clinical scenarios in which 

data centralization is impractical or restricted.

Our findings suggest potential directions for future research. 

Within the GAN paradigm, more targeted training strategies 

may improve the synthesis of anatomically underrepresented 

structures. The multi-discriminator framework proposed by 

Kumar et al. (36) could represent a viable approach. In parallel, 

task-specific loss formulations, such as those introduced by 

Liang et al. (37) to improve HU fidelity, noise suppression, and 

dosimetric accuracy, could be integrated into the FL aggregation 

scheme. However, this would introduce additional challenges 

related to client-level heterogeneity and personalization. 

Furthermore, beyond GAN-based architectures, the investigation 

of diffusion-based models and hybrid CNN-transformer 

approaches (38) within a federated framework represents a 

promising direction for improving both image quality and 

structural consistency in FL-generated sCTs.

In conclusion, this study demonstrated the feasibility and 

effectiveness of a cross-silo FL approach for CBCT-to-sCT 

synthesis in the head and neck region, using the publicly 

available SynthRAD2025 challenge dataset (26). The federated 

model generalized effectively across the participating centers and 

on an external validation cohort, maintaining consistent 

performance despite differences in imaging protocols, scanner 

types, and acquisition parameters. This mitigates the impact of 

institutional heterogeneity, a common limitation in single-center 

model deployments. Furthermore, these results align with 

requirements outlined in recent related work (8), which 
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emphasized that a model should ideally be applicable across 

different centers without the need for conditional tuning.
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Figure S1. Convergence trend of the global model across federated rounds for different local training
configurations (1, 2, and 3 local epochs per round). The MAE decreased substantially in the initial 10
rounds and stabilized at approximately round 30 for configurations with 2 and 3 local epochs. These
configurations demonstrated faster and more stable convergence compared to the configuration with a
single epoch.
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Center Local Epochs MAE [HU] SSIM PSNR [dB]

Center A (external)
1 77.63± 13.29 0.90± 0.04 33.58± 2.28
2 75.22± 11.81 0.90± 0.03 33.52± 2.06
3 74.22± 12.34 0.90± 0.04 33.74± 2.20

Center B
1 83.07± 7.65 0.89± 0.02 33.24± 0.67
2 85.90± 7.10 0.88± 0.02 32.86± 0.94
3 81.43± 6.44 0.89± 0.02 33.15± 1.07

Center C
1 65.80± 16.17 0.92± 0.04 34.42± 1.69
2 64.38± 13.63 0.92± 0.04 34.48± 1.39
3 64.37± 13.91 0.92± 0.04 34.47± 1.46

Center E
1 73.80± 14.66 0.92± 0.02 34.89± 1.17
2 74.22± 13.23 0.92± 0.01 34.91± 1.04
3 76.15± 13.86 0.91± 0.02 34.69± 1.04

Table S1. Quantitative performance across all centers for different local epochs configurations. Results are reported
as mean ± standard deviation. Center A was used exclusively for external testing, while Centers B, C, and E
participated in the federated training.
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Chapter 6
Energy-Efficient Federated

Learning via Adaptive Encoder
Freezing for MRI-to-CT Translation

6.1 Introduction

Although the potential of Artificial Intelligence (AI), and in particular Deep Learning (DL),
to enhance diagnostic precision and improve patient outcomes has been demonstrated, its
development and clinical integration is often associated with significant computational de-
mands [111]. The increasing complexity of contemporary DL architectures, characterised
by an ever-growing number of parameters and floating-point operations, has been shown to
entail considerable energy consumption and infrastructural requirements, including water
resources for data centre cooling [112, 113]. Such resource-intensive approaches have been
described as red AI [114], reflecting a paradigm primarily driven by maximising predictive
performance, frequently without proportional consideration of computational cost or envi-
ronmental impact. This trajectory poses a considerable risk of exacerbating inequalities in
access to advanced digital health technologies, as only institutions with substantial financial
resources will be able to sustain the financial and infrastructural burden associated with large-
scale DL systems. This may consequently result in a widening of disparities in healthcare
delivery.

In contrast, the concept of green AI or green-in AI [111] promotes the incorporation of
sustainability principles directly into the design, training, and deployment of DL models.
Rather than focusing exclusively on accuracy metrics, this perspective advocates for eval-
uating models also in terms of computational efficiency, energy consumption, and overall
resource utilisation during both training and inference phases [114, 115]. In the context
of increasing ethical concerns and environmental awareness, the scientific community has
called for a transition towards more sustainable, transparent, and socially responsible AI
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development practices. This reorientation emphasises not only environmental stewardship
but also social equity, encouraging research frameworks that balance performance gains with
long-term ecological and social considerations [116–118].

While Federated Learning (FL) is commonly framed as a solution to data privacy and
data governance constraints, its computational footprint in medical imaging applications
remains overlooked. Federated workflows require repeated distributed training cycles, syn-
chronisation, and aggregation processes of large-scale DL models, resulting in substantial
computational overhead, energy consumption, and infrastructural demands. This structural
dependency on high-performance computing resources risks excluding resource-constrained
institutions from meaningful participation, thereby reproducing inequalities that FL was
originally intended to mitigate [119, 120].

In this context, the study introduced in this Chapter, extended the focus to the sustain-
ability and optimisation of the FL process itself, adopting a Green AI-by-design [111, 114]
perspective. A novel adaptive training methodology was introduced, based on a patience-
driven encoder layer-freezing strategy that dynamically reduces the computational complexity
of federated training. The method leverages the stabilisation dynamics of federated optimi-
sation to selectively freeze network components, thereby decreasing training time, energy
consumption, and carbon emissions without degrading model performance [121].

The proposed strategy was evaluated within the context of FedSynthCT-Brain [99] (pre-
sented in Chapter 4), which served as a controlled experimental environment for validating the
underlying methodological principle. The results demonstrated that sustainability-oriented
optimisation can be structurally integrated into FL pipelines, enabling substantial efficiency
gains while preserving model accuracy and generalisation. This work therefore establishes
a new methodological research direction at the intersection of FL, Green AI, and medical
image synthesis, positioning sustainability, equity, and accessibility as first-class design
objectives rather than secondary constraints.

The content of this chapter has been adapted from a manuscript previously published
in the peer-reviewed journal “Sustainable Computing: Informatics and Systems”. Portions
of the text are reproduced verbatim from the published article. The author of this thesis, as
first author of the manuscript, led the conceptualisation of the proposed methodology, the
design of the adaptive training strategy, the implementation of the federated pipeline, the
experimental evaluation, and the analysis of the results. Furthermore, the author led the
drafting and revision of the original manuscript in close collaboration with the co-authors.
This work has contributed to fostering more inclusive and sustainability-aware AI research
within the scientific community.

6.2 Manuscript
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 A B S T R A C T

Background and Objective: Federated Learning (FL) holds the potential to advance health equity by enabling 
diverse institutions to collaboratively train deep learning (DL) models, even with limited data. However, the 
significant resource requirements of FL often exclude centres with limited computational infrastructure, further 
widening existing healthcare disparities. To address this issue, we propose a Green AI-oriented adaptive layer-
freezing strategy designed to reduce energy consumption and computational load while maintaining model 
performance.
Methods: We tested our approach using different federated architectures for Magnetic Resonance Imaging 
(MRI)-to-Computed Tomography (CT) conversion. The proposed adaptive strategy optimises the federated 
training by selectively freezing the encoder weights based on the monitored relative difference of the encoder 
weights from round to round. A patience-based mechanism ensures that freezing only occurs when updates 
remain consistently minimal. The energy consumption and CO2𝑒𝑞 emissions of the federation were tracked 
using the CodeCarbon library.
Results: Compared to equivalent non-frozen counterparts, our approach reduced training time, total energy 
consumption and CO2𝑒𝑞 emissions by up to 23%. At the same time, the MRI-to-CT conversion performance was 
maintained, with only small variations in the Mean Absolute Error (MAE). Notably, for three out of the five 
evaluated architectures, no statistically significant differences were observed, while two architectures exhibited 
statistically significant reductions.
Conclusions: By incorporating computational sustainability into the design of FL for MRI-to-CT conversion, 
this work contributes to a Green AI-oriented and equity-aware approach to federated clinical AI, where 
reducing unnecessary computation is framed as both an environmental objective and a means to lower 
infrastructural barriers for resource-constrained clinical centres.

1. Introduction

Although Artificial Intelligence (AI) and particularly Deep Learning 
(DL) have shown great promise for supporting and improving diag-
nostic accuracy and patient’s outcomes, their training and integration 
into routine care may require considerable computing power [1]. DL 
models, with an increasing number of parameters and operations, 
require large amounts of energy, in addition to water for cooling the 
data centres [2,3]. Such resource-intensive approaches – termed red 
AI [4] – prioritise ever-higher performance at the cost of substantial 
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E-mail address: ciro.raggio@kit.edu (C.B. Raggio).

computational and energy usage. In healthcare, this dynamic is not only 
technical or ecological, but also social: if AI systems can only be trained 
and deployed by institutions with sufficient computational capacity, 
digital health innovation may become less accessible to smaller or 
resource-constrained centres.

On the other side, green AI (or, more recently, green-in AI [1]) 
emphasises the integration of sustainable practices and techniques by 
design, to train and deploy DL models in clinics while reducing the envi-
ronmental costs and the financial burden [4]. This paradigm advocates 
for assessing DL models not only on their quantitative performance, but 
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also for their efficiency – both in training and testing – and therefore 
sustainability [5]. Consequently, in response to growing ethical and 
environmental concerns, the literature calls for more sustainable and 
socially responsible DL practices, requiring a reorientation of current 
research towards environmental and social sustainability as well as 
equity [6–8].

Complementing this, Federated Learning (FL) enables multiple in-
stitutions to collaboratively train DL models without centralising data, 
preserving patient’s privacy and broadening access to DL-based algo-
rithms by potentially allowing even smaller centres to advance their 
diagnostic and research capabilities [9].

This paradigm has already been adopted in several medical imag-
ing applications, including distributed lung cancer detection from CT 
images [10] and brain tumour segmentation [11], demonstrating the 
practical feasibility of collaborative model development across institu-
tions.

Indeed, by participating in a federation, these centres can contribute 
with their data, thereby increasing data diversity and benefiting from 
a DL model that is potentially less prone to bias and designed to foster 
the development of more robust and generalisable models.

However, the effectiveness of FL is contingent upon the partic-
ipating institutions’ computational resources and infrastructure [9]. 
The benefits of FL are not automatically equitable. Indeed, centres 
with limited computational capabilities may struggle to engage in FL 
initiatives, potentially leading to a concentration of AI benefits among 
better-equipped institutions. This could result in a scenario where only 
well-resourced centres can fully leverage FL [12].

Ensuring that FL does not exacerbate existing disparities or concen-
trate decision-making power within a few well-resourced institutions 
or countries, calls for a focus on equity, which entails actively reduc-
ing barriers that prevent resource-constrained institutions from fully 
participating [13]. In response, inspired by recent contributions in 
the literature [14], this work aims to lower FL’s computational de-
mand by proposing an adaptive layers freezing method, to dynamically 
freeze the layers involved in training and aggregation, thereby mit-
igating computational overhead and making FL more accessible to 
resource-limited institutions.

Although prior studies have explored layer-freezing strategies to 
address heterogeneity in FL, most existing approaches have primar-
ily focused on reducing communication overhead and memory us-
age. For instance, [15,16] proposed parameter-freezing methods to 
reduce communication costs, while [17] introduced SmartFreeze to 
improve memory efficiency. However, the relationship between these 
strategies and broader Green AI principles, clinical deployability, and 
healthcare-equity implications remains underexplored. In this work, 
we argue that reducing unnecessary computation during FL training 
can contribute not only to lower energy consumption and CO2eq 
emissions, but also to reducing the infrastructural barriers that may 
prevent resource-constrained centres from participating in multi-centre 
AI initiatives.

For our goal, we elected federated inter-modality medical Image-
to-Image (I2I) translation as a case study. In particular, we address 
Magnetic Resonance Imaging (MRI)-to-Computed Tomography (CT) 
conversion, where synthetic CT (sCT) images are generated from MRI 
scans. This task has a clinical relevance, CT provides electron-density 
information required for applications such as radiotherapy and Positron 
emission tomography (PET) attenuation correction, whereas MRI pro-
vides soft-tissue contrast without ionising radiation. By enabling CT-
like information to be derived from MRI, synthetic CT generation 
may reduce the need for additional CT acquisitions, thereby limiting 
registration issues and patient radiation exposure [18–20].

A recent study introduced FedSynthCT-Brain [21], a FL framework 
built upon encoder–decoder architectures, such as U-Net variants. The 
work dealt with a benchmark analysis aimed at identifying archi-
tectures that are both effective and computationally efficient for the 

MRI-to-CT synthesis task. It emphasised the need to further optimise 
computational efficiency as a natural direction for future research.

This research builds on FedSynthCT-Brain [21] and is guided by 
research paradigms that advocate for DL-based clinical decision sup-
port systems (CDSS) that, by design, meet clinical requirements while 
upholding a commitment to optimisation, sustainability and equity [7]. 
We propose a patience-based mechanism, also inspired by early stop-
ping strategies commonly used in DL [22], combined with the overall 
distance between consecutive encoder weights update. The patience 
mechanism is crucial in ensuring that freezing occurs exclusively when 
the designated network components (i.e., the encoder) achieved the 
stability. This facilitates the comprehension of the client consensus, as 
the aggregated model weights’ distance undergoes a natural reduction 
over successive rounds, culminating in a synchronised approach across 
all participants.

The innovative contribution of the work are summarised hereafter:

• We introduce a patience-based adaptive encoder-freezing strategy 
for federated encoder–decoder architectures applied to MRI-to-CT 
conversion.

• Following the guidelines in [4], we evaluate the proposed strat-
egy in terms of MRI-to-CT synthesis performance, training time, 
energy consumption, and CO2eq emissions.

• We frame computational efficiency in FL as both a technical 
and equity-related requirement for AI in the healthcare domain, 
particularly when resource-constrained centres are expected to 
participate in multi-institutional training.

2. Related work

The application of FL to medical I2I translation is a recent develop-
ment, with only a few studies specifically addressing this task [23,24]. 
FedSynthCT-Brain [21] tackles MRI-to-CT translation in a federated 
setting using a cross-silo horizontal FL approach. The authors observed 
that the task’s complexity and the high resolution of medical images 
pose a significant computational burden on individual clients, leading 
to extended training times.

A common initial optimisation strategy to address the aforemen-
tioned issue is to reduce communication overhead, which primarily 
arises from frequent synchronisation between the central server and 
clients during weight exchanges. A typical solution is to increase the 
number of local training epochs, thereby reducing synchronisation 
frequency. While this reduces communication costs, it may come at 
the expense of model accuracy, as more frequent synchronisations have 
been shown to improve knowledge sharing among clients and thus 
model performance [25]. The trade-off analysis in [25] suggests that 
a moderate increase in local epochs can reduce communication costs 
with only marginal accuracy degradation.

The implementation of alternative optimisation strategies is focused 
on the objective of reducing bandwidth usage, through the application 
of model compression techniques, such as pruning, quantisation and 
their combinations, such as FedWSOcomp [26–28]. However, these 
approaches result in a substantial increase in resource consumption, 
due to the additional computational load associated with the model 
compression and decompression on both client and server sides [16].

Several studies have also focused on developing customised ag-
gregation functions to mitigate the adverse effects of non-IID and 
imbalanced data, thereby improving convergence and reducing the 
number of required communication rounds. One potential solution is 
the incorporation of a regularisation term within FedProx [29], which 
serves to penalise local updates that deviate from the global model. In 
the original study, the authors demonstrated that the employment of 
FedAvg in combination with FedProx achieves optimal performance, 
with FedProx typically requiring fewer federated rounds when com-
pared with other strategies such as FedAvg, FedAvgM, FedBN and 
FedYogi [21]. However, this optimisation proved insufficient to reduce 
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the local computational burden or training time to a noteworthy extent, 
indicating that further optimisation of local training is still necessary.

In the context of federated I2I translation tasks, where encoder–
decoder networks (such as U-Net, residual U-Net, or as generators in 
GAN architectures) are frequently employed [18,30,31], the method-
ology of freezing layers emerged as a particularly relevant area of 
interest. This approach demonstrates to be an effective training optimi-
sation technique, both in centralised and federated settings [16,32–34]. 
In the context of centralised training, layer freezing demonstrates to 
accelerate the training process by circumventing the back-propagation 
procedure for the frozen layers. In federated settings, the use of freez-
ing may reduce communication costs and the computational load on 
individual clients.

The most common freezing strategies involve ‘‘layer-wise’’ freezing, 
where specific layers are held constant throughout training. Over time, 
this reduces the computational load by skipping updates for the frozen 
parameters.

Both adaptive and permanent layer freezing approaches have been 
explored. In adaptive freezing, layers may be frozen or unfrozen at 
different training iterations, based either on random selection or guided 
by proxies, such as the magnitude of weight updates across epochs or 
classification accuracy on a calibration set. In permanent freezing, once 
a layer is frozen, it remains unchanged until training concludes [16].

Several studies have applied adaptive layer freezing to reduce lo-
cal computational costs and encourage client participation [16,32–
34]. FedPT [35] proposes reducing communication costs by statically 
selecting a subset of layers to train throughout the entire learning 
process, while keeping the remaining layers fixed with randomly ini-
tialised weights. However, this manual selection of trainable layers 
cannot guarantee optimality and may lead to substantial accuracy 
losses [16]. Furthermore, other works propose incremental freezing 
schedules based on the topological order of network layers, following 
predefined manual schedules or introduce an automated procedure for 
selecting layers to freeze by monitoring the evolution of client-model 
updates [16,34].

The method proposed in this paper leverages the benefits of freezing 
in federated training, while adapting it to different encoder–decoder 
architectures used in I2I translation tasks [18,30,31].

None of the state-of-the-art works have explored freezing strategies 
in the context of federated medical I2I translation (such as the MRI-to-
CT task tackled in FedSynthCT-Brain [21]). Furthermore, our method 
addresses key limitations highlighted in previous work, including the 
study by Malan et al. [16]. Although their approach has shown promis-
ing results in cross-device federated classification using shallow CNNs, 
applying it to deeper models poses scalability challenges.

In contrast, our method introduces a patience-based adaptive freez-
ing strategy that dynamically determines when to freeze encoder layers 
based on a quantitative measure of inter-round convergence in aggre-
gated encoder weights. The mechanism incorporates user-controlled 
stability criteria – such as the patience rounds – to distinguish between 
transient fluctuations and stable convergence, ensuring robustness and 
scalability to complex encoder–decoder architectures. Our methodol-
ogy is designed in line with the principles of Green AI [4], prioritising 
computational efficiency as a way to reach federated sustainability. By 
reducing client-side training loads via selective freezing, we aim to limit 
energy consumption and promote more responsible AI practices.

3. Methods

3.1. Federated learning setup and architectures

We designed a FL environment to simulate a realistic collaboration 
among four distinct clinical centres, in accordance with the setup 
employed in the original study [21]. Each centre trained a local DL 
model on its own data, while a central server coordinated the federated 
model by aggregating key parameters (e.g., weights, biases, batch 

normalisation) from all clients after each training round. Following 
the findings outlined in [21], we selected a set of encoder–decoder DL 
architectures for the proposed FL framework:

• The original U-Net [36], referred to as Simple U-Net, featuring 
an encoder–decoder structure with concatenation-based long skip 
connections;

• The architecture proposed by Li et al. [37], designed specifically 
for the MRI-to-CT translation task, characterised by an encoder–
decoder structure with residual connections instead of traditional 
skip connections, and identified as the best trade-off between 
effectiveness and efficiency according to [21];

• A deep encoder–decoder network inspired by U-Net, proposed by 
Spadea, Pileggi et al. [38], which is distinguished by its increased 
depth, extensive use of multi-layer convolutional blocks at each 
level, and regularisation via dropout;

• The architecture introduced by Fu et al. [39] for synthetic CT 
generation from MRI in the male pelvic region, which adopts a 
U-Net-like structure, but differs in its deep bottleneck, the use of 
instance normalisation, residual additions instead of concatena-
tions, and the exclusive reliance on transposed convolutions for 
upsampling;

• A lightweight U-Net variant proposed by Li et al. [40] for the MRI-
to-CT translation task, characterised by the use of Leaky ReLU 
activations and concatenation-based skip connections.

All the architectures predicted 256 × 256 sCT slices from 256 × 256 
MRI inputs.

3.2. Proposed patience-based adaptive layer freezing

The concept of the proposed method is to selectively freeze the en-
coder weights of encoder–decoder architectures. This strategy aims to 
lessen the computational requirements within the FL framework, while 
preserving the performance akin to those of the unfrozen architectures 
(i.e., encoder–decoder based models without layer freezing).

As presented in Fig.  1, the proposed method quantified the align-
ment of clients’ models during federated training by tracking incremen-
tal changes in encoder weights across consecutive training rounds. The 
key metric of the proposed method was the relative percentage difference
(𝜌%) of encoder weights, computed at each round R as: 

𝜌%𝑅
=
||||
𝑓 (𝑊R) − 𝑓 (𝑊R-1)

𝑓 (𝑊R) + 𝜀
|||| × 100 (1)

Where: 𝑊R represented the mean encoder weights at the current 
training round, 𝑊R-1 represented the mean encoder weights from the 
previous training round and 𝑓 (⋅) computed the average Mean Absolute 
Error of encoder weights (MAE𝑒𝑛𝑐) between consecutive communication 
rounds. The constant 𝜀 = 10−8 was added to the denominator to ensure 
numerical stability when 𝑓 (𝑊R) approached zero.

The MAE𝑒𝑛𝑐 is defined as: 

MAE𝑒𝑛𝑐 =
1
𝑛

𝑛∑
𝑖=1

|||𝐿
(𝑖)
R − 𝐿(𝑖)

R-1
||| (2)

Where 𝐿(𝑖)
R  and 𝐿(𝑖)

R-1 denote the weights of the 𝑖th encoder layer 
for the current and previous training rounds, respectively, and 𝑛 was 
the total number of layers. The average MAE across layers provided a 
measure of weight divergence.

As clients optimised the global objective rather than their local 
objectives round after round, the 𝜌% decreased over successive training 
rounds (see Fig.  1), serving as an indicator of clients’ consensus in the 
federated task. A patience mechanism was then introduced to manage 
encoder freezing based on 𝜌%. A minimum threshold 𝜏 was established 
to distinguish values of 𝜌% from minor fluctuations. The patience 
parameter   was defined to specify the number of consecutive rounds 
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Fig. 1. Representation of the proposed patient-based adaptive layer freezing. The server is responsible for calculating the percentage difference in the aggregated 
encoder (𝜌%) round by round. The encoder freezing condition is triggered when 𝜌% remains consistently below the threshold (𝜏) established by the final user for 
a minimum of   (patience parameter) consecutive rounds.

during which 𝜌% must remain below 𝜏 to trigger the mechanism. The 
patience mechanism is formalised as: 

Freeze Federated Encoder if: 
𝑅∑

𝑡=𝑅−+1
(𝜌(𝑡)% < 𝜏) =  (3)

Where, 𝑅 is the current round,   is the patience parameter, defin-
ing the number of consecutive rounds where 𝜌% < 𝜏, (⋅) is the indicator 
function, returning 1 if the condition is true, and 0 otherwise, 𝜌(𝑡)%  is 
the percentage difference at round 𝑡, 𝜏 is the minimum threshold for 
𝜌% to be considered converged. The 𝑡 was defined as 𝑅 −𝑁 + 1. Thus, 
the condition was only satisfied in the last 𝑁 consecutive rounds. Once 
𝜌% was below the threshold 𝜏 for the defined   consecutive rounds, 
the encoder was frozen, which indicates sufficient convergence for the 
encoder.

Fig.  1 provides a conceptual illustration of the aforementioned 
patience-based freezing mechanism, with a specified threshold of 𝜏 =
5% and a patience of  = 3 rounds. The server monitors 𝜌% after each 
aggregation step, and once the freezing condition is satisfied, a global 
freezing signal is generated and broadcast to all participating clients.

The server-side and client-side procedures are reported in Algo-
rithms 1 and 2, respectively.

3.3. Datasets

As for [21], the experiments were conducted using the aforemen-
tioned FL setup with 4 clients (Centre A, B, C, and D) and 1 server 
(Centre E) on brain images.

Centres A, B, and C contained private datasets from US, Italy and 
Germany respectively, acquired in compliance with the ethical stan-
dards of the 1964 Declaration of Helsinki and its later amendments, 
with written informed consent obtained from all patients. Centres D and 
E were single institutions selected from the SynthRAD Grand Challenge 
2023 [41]. The data distribution across clients was non-independent 
and identically distributed (non-IID), reflecting the heterogeneous na-
ture of a realistic multi-site federation. Each centre used different MRI 
scanners, acquisition protocols, voxel spacings, and image resolutions, 
resulting in distinct local data distributions. The dimensions of the 
images and the number of samples in each dataset are detailed in Table 
1. Further details on the scanners used for image acquisition at each 
centre were reported in the original study [21].

Algorithm 1 Server-Side Adaptive Freezing Strategy
Require: Threshold 𝜏, patience  , total rounds 𝑅
1: Initialize: encoder_frozen ← False, 

patience_counter ← 0,  ← [ ]
2: for each round 𝑟 = 1,… , 𝑅 do
3:  Server aggregates client weights → 𝑊𝑟
4:  Broadcast config = {encoder_frozen} to all clients
5:  if 𝑟 = 1 then
6:  Compute MAE(1)

enc ← MAEenc(𝑊1,𝑊0)  {𝑊0 is the initial server 
model state; store for next round}

7:  Append MAE(1)
enc to 

8:  else
9:  Compute MAE(𝑟)

enc ← MAEenc(𝑊𝑟,𝑊𝑟−1)

10:  𝜌% ←
|||||
MAE(𝑟)

enc −MAE(𝑟−1)
enc

MAE(𝑟)
enc + 𝜀

|||||
× 100

11:  if 𝜌% < 𝜏 then
12:  patience_counter ← patience_counter + 1
13:  else
14:  patience_counter ← 0
15:  end if
16:  if patience_counter ≥   and not encoder_frozen

then
17:  encoder_frozen ← True
18:  end if
19:  Append MAE(𝑟)

enc to 
20:  end if
21: end for

Each client represented a distinct hospital (or silo) with unique 
and non-overlapping datasets. The federated model was further vali-
dated on the unseen dataset of the server (Centre E), which was not 
included in any client’s training and validation process. This setup 
ensured that the server-side evaluation process tested the generalisation 
capabilities of the federated model on an unseen dataset with different 
characteristics.

Following recent findings [21,42] a pre-preprocessing pipeline was 
applied to harmonise the datasets without exchanging data. Firstly, N4 
bias field correction was applied with different parameters for each 
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Table 1
Dataset key characteristics across participating centres.
 Centre Data MR Voxel

[mm3]
CT Voxel
[mm3]

Size
(Axial × Sagittal × Coronal)

 

 A 15 1 × 1 × 1 0.49–0.67 ×
0.49–0.67 ×
2.5

256 × 176 × 256  

 B 14 1 × 1 × 1 0.98 × 0.98 × 3.27 256 × 176 × 248  
 C 21 0.78 × 0.78 × 1 0.78 × 0.78 × 1 226–357 ×

512 × 512
 

 D 29 0.98–1.12 ×
0.98–1.12 ×
0.98–1.12

0.69–0.78 ×
0.69–0.79 ×
1-3

167–213 ×
216–262 ×
250–277

 

 E 23 0.98 × 0.98 × 3.27 0.59–1.27 ×
0.59–1.27 ×
1-2

167–262 ×
200–225 ×
225–248

 

Algorithm 2 Client-Side Adaptive Training
Require: Global weights 𝑊𝑟, flag encoder_frozen from the server, 

local dataset 𝑘, local epochs 𝐸, loss , encoder layer keys 
1: 𝜃 ← 𝑊𝑟 {load aggregated global weights}
2: if encoder_frozen then
3:  for each layer 𝓁 ∈  do
4:  Detach 𝜃𝓁 from the computational graph
5:  end for
6: end if
7: for each local epoch 𝑒 = 1,… , 𝐸 do
8:  for each mini-batch (𝑥, 𝑦, 𝑚) ∼ 𝑘 do
9:  𝑦̂ ← 𝑓𝜃(𝑥) {forward pass}
10:  batch ← (𝑦̂, 𝑦, 𝑚) + 𝜇

2 ‖𝜃 −𝑊𝑟‖2 {FedProx term}
11:  Compute ∇𝜃batch {backprop on non-frozen layers only}
12:  Update 𝜃 via Adam
13:  end for
14: end for
15: return 𝜃 to server

client. All MRIs were then rescaled and normalised to the [0,1] range. 
To ensure uniform input dimensions for the networks, all images were 
resized to 256 × 256 × 256 using a combination of cropping, resizing, 
and padding techniques. Additionally, each client applied data augmen-
tation using spatial transformations, such as rotations, translations, and 
flipping.

3.4. Experimental settings and performance metrics

For our purposes, we used the experimental setup proposed in [21], 
which used PyTorch [43] and MONAI [44] for the DL implementation, 
and the Flower framework [45] for the FL implementation.

All experiments were conducted in a containerised environment 
equipped with 32 GB of RAM, 1 NVIDIA A100 80 GB GPU, and 16 
CPU cores (AMD EPYC 7713). These computational resources were 
required to support the load of the entire federation (see Section 3.1) 
within a single physical node. Each client was nevertheless treated as 
an independent remote centre, and no individual client would require 
comparable resources in an actual distributed deployment.

The data augmentation process was implemented using the Aug-
mentedDataLoader library1 [21].

Energy consumption and CO2 equivalent emissions were computed 
using the CodeCarbon2 [1,46] library operating in offline mode. Code-
Carbon was configured using process-based tracking with a sampling 

1 https://github.com/ciroraggio/AugmentedDataLoader
2 https://codecarbon.io/

interval of 30 s and Germany as the reference country for the electricity 
carbon-intensity factor. Independent emission trackers were used for 
both the federated server and each client process, and the reported CO2
equivalent values correspond to CodeCarbon estimates.

To ensure reproducibility, each experiment was repeated five times 
using an identical setup for each client: a batch size of 8, a learning rate 
of 10−4, 1 epoch of training for each local client for each round and 
the Adam optimiser. Following the experimental protocol and findings 
of the original study [21], models were trained using the Random 
Multi-2D approach, and a voting strategy to reach a consensus on the 
predictions made for each anatomical plane was applied before the 
test; the best performing aggregation strategy, FedAvg combined with 
FedProx (with a proximal term of 3), was used for each experiment. 
Finally, as convergence and stability were consistently achieved within 
25 communication rounds and no substantial performance improve-
ments were observed beyond this [21], a fixed number of 25 rounds 
was used in all experiments. Therefore, a fixed number of 25 rounds 
was used in all experiments.

To validate our approach, we computed a set of metrics, including 
time, emissions, and energy consumption, both with and without the 
proposed methodology, in an isolated environment.

To assess the impact of the methodology on image similarity, we 
employed four datasets (Centres A, B, C, and D) during the federation 
phase and an additional external dataset (Centre E) to evaluate the 
federated model’s generalisation performance on previously unseen 
data. Image similarity was assessed using well-established metrics for 
the MRI-to-CT translation task [18,21,30], such as: (i) the MAE; (ii) the 
Peak Signal-to-Noise Ratio (PSNR); and (iii) the Structural Similarity 
Index Measure (SSIM), computed between the ground truth CT and the 
predicted CT.

3.5. Observational study and adaptive freezing evaluation

In the first set of experiments, a preliminary study was performed. 
Models were trained without the encoder freezing in the FL setup. The 
aim was to observe updates of the encoder weights and loss trends 
across training rounds to establish the values of 𝜏 for subsequent 
freezing. The two selected percentage difference thresholds were 𝜏 =
5% and 𝜏 = 10%. Both values were tested using a fixed number of 
patience rounds ( = 3).

Analysis of the encoder weight relative difference trends indicated 
that the 10% threshold was consistently reached after approximately 
5–6 rounds, whereas the 5% threshold was typically reached after 7–10 
rounds.

It was observed that, although the activation of the freezing mech-
anism was delayed when using the more conservative 𝜏 = 5%, model 
performance remained unchanged while the time needed to complete 
the rounds was considerably reduced.

Nevertheless, employing the higher threshold (𝜏 = 10%) could have 
yielded further gains in terms of training time, energy consumption, 
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Table 2
Results (mean ± standard deviation) obtained from 5 repetitions for each model and methodology.
 Model Metric No adaptive

freeze
Adaptive freeze
 = 3, 𝜏 = 5%

 

 
Simple U-Net [36]

Parameters [#] 1.727 × 107 7.857 × 106  
 Time [h] 13.40 ± 0.76 11.15 ± 0.64  
 Emissions [kgCO2eq] 2.03 ± 0.09 1.69 ± 0.09  
 Total energy [kWh] 5.32 ± 0.23 4.45 ± 0.23  
 
Li et al. [37]

Parameters [#] 2.544 × 107 1.272 × 107  
 Time [h] 10.11 ± 0.38 7.89 ± 0.22  
 Emissions [kgCO2eq] 1.51 ± 0.04 1.16 ± 0.03  
 Total energy [kWh] 3.96 ± 0.10 3.05 ± 0.07  
 
Spadea, Pileggi et al. [38]

Parameters [#] 4.791 × 107 3.065 × 107  
 Time [h] 19.22 ± 0.75 17.42 ± 0.68  
 Emissions [kgCO2eq] 2.97 ± 0.10 2.70 ± 0.10  
 Total energy [kWh] 7.80 ± 0.26 7.08 ± 0.27  
 
Fu et al. [39]

Parameters [#] 3.492 × 107 2.729 × 107  
 Time [h] 16.49 ± 0.57 13.81 ± 0.64  
 Emissions [kgCO2eq] 2.17 ± 0.07 1.80 ± 0.07  
 Total energy [kWh] 5.69 ± 0.17 4.74 ± 0.20  
 
Li et al. 2020 [40]

Parameters [#] 2.682 × 107 9.024 × 106  
 Time [h] 14.10 ± 0.28 11.76 ± 0.59  
 Emissions [kgCO2eq] 1.85 ± 0.03 1.54 ± 0.07  
 Total energy [kWh] 4.85 ± 0.09 4.04 ± 0.19  

and emissions. However, this configuration resulted in performance 
degradation across different models, due to the anticipation of encoder 
freezing, thereby undermining the reliability of the least conservative 
approach.

Following these findings, using the same setup, the models were 
trained for 25 rounds across 5 repetitions, with the patience parameter 
( ) set to 3 rounds to ensure that the threshold (𝜏 = 5%) was 
consistently exceeded.

The final set of experiments validated the proposed methodology by 
comparing model performance in scenarios with and without adaptive 
encoder freezing.

4. Results

A detailed comparison of the average emissions, energy consump-
tion, time performance and number of trainable parameters across 
five independent repetitions for each evaluated model, both with and 
without the proposed methodology, is presented in Table  2.

A consistent reduction in the number of trainable parameters was 
observed following the activation of the encoder freezing controlled 
using the proposed methodology. Therefore, a reduction in training 
time per local epoch was observed on all clients (see Fig.  2 and Table 
3), leading to a global decrease in the total training time across all 
architectures, with improvements ranging from 9.4% (Spadea, Pileggi 
et al. [38]) to 22.0% (Li et al. [37]).

These temporal gains translated into proportional decreases in total 
energy consumption and CO2eq emissions, with reductions between 
9.1% and 23.2%. The Li et al. [37] model showed the largest benefits, 
while the Simple U-Net [36], Fu et al. [39], and Li et al. 2020 [40] 
achieved consistent improvements around 16%–17%.

Nevertheless, the box-plot comparison of the MAE results obtained 
on the unseen Centre E, for each model, is presented in Fig.  3. Statistical 
significance of MAE differences between adaptive freezing and non-
freezing configurations was assessed using a paired t-test after verifying 
normality with the Shapiro–Wilk test. The statistical analysis indicated 
that for three of the five architectures (Simple U-Net [36], Fu et al. [39], 
and Li et al. [40]) no statistically significant difference in MAE was 
found (𝑝 > 0.05). In contrast, Li et al. [37] and Spadea, Pileggi 
et al. [38] demonstrated statistically significant reductions (𝑝 = 3.82 ×
10−5 and 𝑝 = 9.26 × 10−4 respectively) in terms of MAE.

The PSNR and SSIM metrics are reported in Table  4. No systematic 
differences between the two training strategies were observed, with 
only minor stochastic fluctuations across the evaluated architectures.

Table 3
Training time (in min) per local epoch (mean ± standard deviation) before 
and after adaptive encoder freezing for each centre and model.
 Centre Model Training time per local epoch [min]
 Pre-freeze Post-freeze  
 

Centre A

Simple U-Net [36] 21.07 ± 0.65 14.38 ± 0.43  
 Li et al. [37] 15.59 ± 0.53 10.05 ± 0.31  
 Spadea, Pileggi et al. [38] 31.35 ± 1.04 25.36 ± 0.80  
 Fu et al. [39] 26.29 ± 2.02 18.81 ± 1.11  
 Li et al. 2020 [40] 21.37 ± 0.47 15.14 ± 0.33  
 

Centre B

Simple U-Net [36] 20.12 ± 1.60 13.52 ± 0.90  
 Li et al. [37] 14.79 ± 1.07 9.46 ± 0.64  
 Spadea, Pileggi et al. [38] 29.34 ± 1.68 23.71 ± 1.26  
 Fu et al. [39] 25.60 ± 2.13 18.25 ± 1.56  
 Li et al. 2020 [40] 19.85 ± 0.49 14.02 ± 0.34  
 

Centre C

Simple U-Net [36] 28.38 ± 1.87 19.31 ± 1.03  
 Li et al. [37] 20.15 ± 0.44 13.32 ± 0.25  
 Spadea, Pileggi et al. [38] 39.77 ± 0.66 32.41 ± 0.49  
 Fu et al. [39] 35.80 ± 1.75 25.78 ± 1.21  
 Li et al. 2020 [40] 29.29 ± 1.67 20.89 ± 1.20  
 

Centre D

Simple U-Net [36] 30.54 ± 1.40 20.76 ± 0.82  
 Li et al. [37] 22.03 ± 0.58 14.49 ± 0.36  
 Spadea, Pileggi et al. [38] 44.03 ± 0.79 35.77 ± 0.59  
 Fu et al. [39] 38.50 ± 1.90 27.71 ± 1.35  
 Li et al. 2020 [40] 31.72 ± 1.41 22.57 ± 1.06  

5. Discussion

This study introduces an adaptive encoder layer freezing strategy 
within federated encoder–decoder architectures for MRI-to-CT transla-
tion, following a Green AI by-design approach.

The proposed strategy was deliberately confined to the encoder 
layers. As demonstrated and discussed in the original study [21], 
although federated models tend to generalise to unseen data, they 
exhibit reduced specificity at the client level. Extending the freezing 
strategy to the decoder would exacerbate this limitation, further re-
stricting the capacity of the global model to accommodate local data 
heterogeneity. By focusing on the encoder, the federated model can in-
stead exploit inter-client consensus to enhance stability and efficiency, 
while preserving decoder flexibility for client-specific adaptation. This 
design choice is further supported by the transfer learning techniques, 
where encoder-level representations are known to capture domain-
transferable features, while decoder layers tend to remain more task- 
and data-specific [47].
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Fig. 2. Training time per local epoch for each participating client (Centres A–D), comparing the pre-freeze and post-freeze phases across the evaluated models.

Fig. 3. Performance comparison of the models trained with and without the proposed patience-based adaptive encoder freezing. A 𝑝-value < 0.001 is indicated 
by ∗∗∗.
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Table 4
Comparison of PSNR and SSIM results, in terms of median and interquartile range for each model and methodology.
 Model Metric No adaptive

freeze
Adaptive freeze
 = 3, 𝜏 = 5%

 

 
Simple U-Net [36] PSNR 26.52 (25.49–27.36) 26.48 (25.47–27.43)  

 SSIM 0.89 (0.86–0.89) 0.89 (0.86–0.89)  
 
Li et al. [37] PSNR 26.33 (25.32–27.18) 26.42 (25.39–27.20)  

 SSIM 0.89 (0.86–0.89) 0.880 (0.86–0.89)  
 
Spadea, Pileggi et al. [38] PSNR 26.49 (25.38–27.37) 26.43 (25.40–27.36)  

 SSIM 0.89 (0.86–0.89) 0.89 (0.86–0.89)  
 
Fu et al. [39] PSNR 26.62 (25.53–27.45) 26.59 (25.56–27.48)  

 SSIM 0.89 (0.87–0.89) 0.89 (0.86–0.89)  
 
Li et al. 2020 [40] PSNR 26.41 (25.44–27.30) 26.39 (25.40–27.30)  

 SSIM 0.89 (0.86–0.89) 0.89 (0.86–0.89)  

To demonstrate the effectiveness of our proposed strategy, we eval-
uated the method on multiple encoder–decoder architectures.

In consideration of the results presented in Table  2, on the Simple 
U-Net architecture by Ronneberger et al. [36], the adaptive freezing 
configuration (with parameters  = 3 and 𝜏 = 5%) resulted in a 
global reduction in training time of 16.8% (from 13.40 ± 0.76 h to 
11.15 ± 0.64 h). This temporal efficiency translated directly into pro-
portional reductions in energy consumption and environmental impact, 
with total energy decreasing from 5.32 ± 0.23 kWh to 4.45 ± 0.23 kWh 
(16.4% reduction) and kgCO2eq emissions decreasing from
2.03 ± 0.09 kg to 1.69 ± 0.09 kg (16.7% reduction).

Improvements were observed with the Li et al. [37] architecture, 
where the adaptive freezing mechanism achieved a remarkable 22.0% 
reduction in training time (from 10.11 ± 0.38 h to 7.89 ± 0.22 h). 
Correspondingly, this architecture exhibited the most substantial envi-
ronmental benefits, with kgCO2eq emissions reduced by 23.2% (from 
1.51 ± 0.04 kg to 1.16 ± 0.03 kg) and energy consumption decreased 
by 23.0% (from 3.96 ± 0.10 kWh to 3.05 ± 0.07 kWh).

The positive trend was confirmed for the Fu et al. [39] architecture, 
which exhibited substantial efficiency improvements, with training 
time reduced by 16.2% (from 16.49 ± 0.57 h to 13.81 ± 0.64 h). 
This architecture also demonstrated notable environmental benefits, 
with kgCO2eq emissions decreasing by 17.1% (from 2.17 ± 0.07 kg 
to 1.80 ± 0.07 kg) and energy consumption reduced by 16.7% (from 
5.69 ± 0.17 kWh to 4.74 ± 0.20 kWh).

Similarly, the Li et al. 2020 [40] architecture showed consistent im-
provements with a 16.6% reduction in training time (from
14.10 ± 0.28 h to 11.76 ± 0.59 h), as well as corresponding decreases 
in emissions (16.8%, from 1.85 ± 0.03 kg to 1.54 ± 0.07 kg) and energy 
consumption (16.7%, from 4.85 ± 0.09 kWh to 4.04 ± 0.19 kWh).

Notably, the Spadea, Pileggi et al. [38] architecture, despite re-
quiring the longest absolute training time, demonstrated consistent im-
provements with a 9.4% reduction in training duration (from
19.22 ± 0.75 h to 17.42 ± 0.68 h) across 25 rounds, with a cor-
responding reductions in emissions and energy consumption of ≈
9%.

Furthermore, Fig.  2 and Table  3 report and compare the training 
time per local epoch before and after the application of the proposed 
methods across the four clients.

As a direct consequence of the reduction in the number of the 
trainable layers due to the encoder freeze, in Centre A, the Simple U-Net 
average time decreased from 21.07 ± 0.65 min to 14.38 ± 0.43 min per 
local epoch, corresponding to a 31.8% reduction, while Li et al. [37] 
reduced from 15.59 ± 0.53 min to 10.05 ± 0.31 min (35.5% reduction). 
Similar reduction trends were observed in Centres B, C, and D, with the 
largest absolute reductions observed in Spadea, Pileggi et al. on Centre 
D (from 44.03 ± 0.79 min to 35.77 ± 0.59 min) and Fu et al. on Centre 
D (from 38.50 ± 1.90 min to 27.71 ± 1.35 min).

These per-epoch reductions scaled across the full federated training 
process, leading to proportional decreases in total energy consumption 
and CO2 emissions observed in Table  2, highlighting that adaptive 

freezing both accelerates training and improves the environmental 
efficiency of the FL workflow, without adversely affecting model per-
formance across heterogeneous client datasets. From an equity perspec-
tive. these reductions provide a concrete mechanism through which the 
proposed strategy has the potential to lower practical barriers to par-
ticipation in FL initiatives. In real-world FL deployments, each centre is 
required to perform local training via its own computational infrastruc-
ture. Therefore, reducing the number of trainable layers (after encoder 
freezing) directly decreases the amount of local backpropagation and 
optimiser updates, with effects on GPU time, energy consumption, and 
associated operational costs. This is relevant for smaller hospitals or 
resource-constrained clinical centres, where access to high-end GPUs, 
dedicated computing clusters, or sustained electricity budgets may be 
limited. By lowering the computational demand at the client side, 
adaptive encoder freezing can make participation in multi-centre FL 
more feasible for institutions that might otherwise be excluded from 
collaborative AI development.

The statistical analysis of the models’ performance – in terms of 
MAE – on the unseen Centre E dataset (Fig.  3) revealed that the 
proposed adaptive freezing mechanism preserved generalisation perfor-
mance and occasionally marginally enhanced it.

For three of the five evaluated architectures (Simple U-Net [36], Fu 
et al. [39], and Li et al. [40]), no statistically significant difference in 
MAE was found (𝑝 > 0.05, t-test) on 23 unseen patients, indicating that 
computational efficiency gains were achieved without compromising 
model performance. The conduction of statistical testing across single 
clients was precluded by the limited number of test cases available per 
site.

Notably, the results for the Li et al. [37] and Spadea, Pileggi 
et al. [38] architectures, demonstrated statistically significant reduc-
tions in terms of MAE (𝑝 < 0.001, t-test). However, the absolute MAE 
reduction (≈2 HU) remains well below radiologically and clinically 
meaningful thresholds for image contrast and radiotherapy, where 
deviations greater than 20–50 HU are typically required to discriminate 
biological tissues and affect dose distributions [48,49]. Hence, these 
results indicated that the proposed adaptive freezing mechanism pre-
served model fidelity, with potential minor regularisation effects, but 
without producing relevant performance changes.

Indeed, no performance improvement or deterioration was observed 
in terms of PSNR and SSIM – metrics that are less sensitive than MAE – 
with only minor stochastic fluctuations resulting from the independent 
repetitions of the experiments. Comparable or identical findings across 
the different architectures and methodologies was also reported in the 
FedSynthCT-Brain study [21], particularly with regard to SSIM, further 
emphasising that MAE remains the pivotal metric for performance 
evaluation in this type of task.

To further investigate the impact of the adaptive freezing mecha-
nism on the generated sCTs, additional qualitative comparisons are pro-
vided in the supplementary material (see Section S.1, Figure S1–S10). 
Specifically, for each evaluated model, two representative cases are 
presented: (i) the case with the smallest difference and (ii) the case 
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with the largest difference in MAE between the sCTs generated by the 
models trained with and without adaptive freezing, across the test set.

The visual comparisons confirmed that no systematic degradations 
are associated with the proposed methodology, and the observed differ-
ences were attributable to the inherent stochastic nature of the training 
process and the independent experiments.

The standard deviations reported for each metric across five rep-
etitions indicate stable and reproducible results, with the adaptive 
freezing methodology consistently reducing variability in training time 
and resource consumption. The emissions reductions ranged from 9.1% 
to 23.2%, with an average reduction of ≈ 19.9% across all models. These 
improvements are particularly important given the increasing emphasis 
on sustainable machine learning practices and the growing concern 
regarding the carbon footprint of DL model training [50]. Furthermore, 
this efficiency gain is especially valuable in clinical settings where 
computational resources may be limited and cost considerations are 
essential. The variability in efficiency gains stems from the fact that the 
computational benefit of freezing a network component depends not 
only on the number of trainable parameters that are frozen, but also on 
how the computational workload (FLOPs) is distributed throughout the 
architecture [51,52]. Consequently, reducing the number of trainable 
parameters does not necessarily result in proportional reductions in 
training time, energy consumption, or CO2 emissions.

This behaviour is reflected in Table  2. For instance, Li et al. 
(2020) [40] exhibited the largest reduction in trainable parameters, 
yet achieved a training-time reduction of 16.6%. In contrast, Li et al. 
(2019) [37] achieved the most substantial efficiency gains despite a 
smaller parameter reduction. Similarly, the architecture proposed by 
Spadea, Pileggi et al. [38] demonstrated the lowest efficiency gains, 
which may be attributed to its deep multi-convolutional design, where 
a substantial portion of the computational workload remains active 
after encoder freezing. These findings demonstrated the efficacy of the 
patience-based adaptive freezing approach in a federated environment, 
with consistent improvements observed across various architectures, 
ranging from fundamental designs to more complex variants. However, 
the magnitude of the gains is still dependent upon the distribution of 
the computational workload within each architecture.

Notably, the parameters  = 3 and 𝜏 = 5% were selected em-
pirically through the observational study presented in Section 3.5. 
This configuration achieved a favourable trade-off between compu-
tational efficiency and image-translation performance across the five 
evaluated federated encoder–decoder architectures. As is common for 
training-dynamics hyperparameters in DL, these values were deter-
mined through empirical validation rather than analytical derivation. 
While the proposed configuration proved robust in the considered 
experimental setting, further validation on additional architectures and 
image-to-image translation tasks will help assess its broader applicabil-
ity.

6. Conclusion

In this study we proposed and empirically validated a patience-
based adaptive encoder-freezing strategy to lay the foundation for 
the operationalisation of Green AI principles in FL for medical image 
translation.

The method was evaluated in the context of federated MRI-to-
CT translation using multiple encoder–decoder architectures, with the 
aim of making federated strategies more accessible to a wider range 
of users in the medical field. Nevertheless, some limitations should 
be acknowledged. The evaluation was conducted on a limited set of 
encoder–decoder architectures and within the FedSynthCT-Brain MRI-
to-CT translation setting. Further validation is therefore required to 
assess the generalisability of the proposed strategy to other architec-
tures, imaging modalities, anatomical districts, and medical-imaging 
tasks.

The proposed method should also be investigated under more chal-
lenging non-IID conditions, as stronger differences across clients may 
affect encoder-weight stability and the optimal freezing time. While 
reducing local computational burden may lower participation barriers 
for resource-constrained centres, premature or globally synchronised 
encoder freezing could, in principle, reduce adaptability for under-
represented institutions whose local data distributions are not suffi-
ciently reflected in the aggregated model before freezing [53,54]. In the 
present work, this risk was mitigated by freezing only the encoder while 
preserving decoder flexibility for client-specific adaptation, and by ver-
ifying that performance was preserved on the unseen Centre E dataset. 
Future work should therefore assess site-stratified performance, rare-
pattern robustness, and fairness across clients in more heterogeneous 
FL scenarios.

Additional limitations concern the manual tuning required for the 
𝜏 and patience parameters and the controlled hardware setting used in 
the experiments. The selection of these parameters may require pre-
liminary investigation of architecture-specific weight dynamics, thus, 
automated or systematic strategies for parameter selection should be 
explored to improve the practicality and generalisability of the method. 
Moreover, although the homogeneous hardware setting enabled an 
unbiased assessment of the adaptive freezing mechanism, future stud-
ies should investigate heterogeneous client hardware configurations 
and quantify additional client-side metrics, including communication 
overhead.
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S.1 - Visual Comparison of Generated sCTs

To qualitatively assess the potential impact of the adaptive freezing strategy on the generated synthetic

CTs (sCTs), we conducted a visual comparison between the sCTs obtained with and without the pro-

posed methodology. For each model employed in the study, we selected two representative test cases

based on the following criteria:

• The case with the minimum difference in terms of MAE, thus the lowest difference between the

sCTs MAE generated with and without adaptive freezing.

• The case with the maximum difference in terms of MAE, thus the highest difference between

the sCTs MAE generated with and without adaptive freezing.

Each figure presents the following for the axial, coronal and sagittal plane of the central slice:

1. Input MR image;

2. Ground-truth CT image;

3. sCT generated without adaptive freezing;

4. sCT generated with the proposed adaptive freezing, using N = 3 and τ = 5%;
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5. Absolute difference map between the two sCTs.
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Figure S1: Simple UNet [1] – Minimum MAE difference case.
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Figure S2: Simple UNet [1] – Maximum MAE difference case.
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Figure S3: Li et al. architecture [2] – Minimum MAE difference case.
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Figure S4: Li et al. architecture [2] – Maximum MAE difference case.
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Figure S5: Spadea, Pileggi et al. architecture [3] – Minimum MAE difference case.
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Figure S7: Fu et al. architecture [4] – Minimum MAE difference case.
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Figure S9: Li et al. 2020 architecture [5] – Minimum MAE difference case.

Ax
ia

l

MR CT sCT (No Freeze) sCT (N = 3 - = 5%) |sCT (No freeze) - sCT (N = 3 - = 5%)|

Co
ro

na
l

Sa
gi

tta
l

0 200 400 600 800

0 250 500 750 1000

0 200 400 600

Li et al. 2020 - Center E #3 - MAE difference = 5.83 HU

Figure S10: Li et al. 2020 architecture [5] – Minimum MAE difference case.

Across all models and both selected cases, no relevant and systematic structural differences were

observed. The differences highlighted in the absolute difference maps and the variation in MAE are

attributable to the stochastic nature of the training process (e.g., batch shuffling and optimization path

variability) rather than the direct effect of the adaptive freezing mechanism.

These findings are aligned with the results observed in terms of MAE, PSNR and SSIM presented

in this study.
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Chapter 7
Security Analysis of a Federated
Learning Framework for Medical

Image-to-Image Translation

7.1 Introduction

Federated Learning (FL) has emerged as a prominent paradigm for privacy-preserving collab-
orative training of Deep Learning (DL) models across multiple institutions. Nevertheless, the
proposed adoption in clinical settings has often relied on the assumption that the exchange of
model updates, rather than raw patient data, inherently guarantees security and privacy preser-
vation [19]. However, this assumption has proven to be inadequate when considering realistic
adversarial threat scenarios [122, 123]. Indeed, federated frameworks remain vulnerable to a
range of attacks. These include gradient inversion, which enables private training data to
be reconstructed from shared model updates [124], and membership inference, in which an
adversary determines whether a specific sample was included in the training set [125]. Data
poisoning represents a further vulnerability, enabling a compromised client to manipulate the
global model by injecting adversarial inputs during local training [126]. Consequently, the
absence of explicit security evaluation in federated frameworks represents a methodological
limitation, particularly in medical imaging applications, where compromised model outputs
may propagate undetected errors directly into clinical workflows.

Existing federated frameworks, including FedSynthCT (see Chapter 4–5), have demon-
strated the feasibility of achieving effective cross-institutional generalisation without the
direct exchange of patient data. However, previous studies [127, 128] have largely restricted
security evaluations in federated medical imaging to classification tasks and GAN-based
augmentation pipelines, leaving the vulnerability of federated image synthesis frameworks
essentially unexplored. This gap is particularly significant because, unlike classification
tasks, I2I translation models directly generate synthetic medical images that are subsequently
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integrated into downstream clinical procedures, such as image segmentation and dose cal-
culation, where subtle adversarial perturbations may remain undetected by conventional
evaluation metrics.

The study presented in this Chapter investigated the security of FedSynthCT through a
multi-threat evaluation [129]. The analysis was conducted within the experimental setting of
FedSynthCT-Brain [99] (introduced in Chapter 4), which provided a reference environment.
Three representative attack vectors were implemented and assessed: (i) Deep Leakage from
Gradients (DLG) [124], a gradient inversion attack aimed at reconstructing private MRI
data of clients from shared model updates; (ii) the Federated Membership Inference Attack
(FedMIA) [125], which exploits aggregated client updates to infer patient-level membership
information; and (iii) data poisoning, where a malicious client degrades global model perfor-
mance by corrupting its local training data. For each attack category, corresponding defence
strategies were also evaluated. Specifically, the robustness of the UNet architecture proposed
in FedSynthCT-Brain and federated training configuration against DLG was characterised;
Secure Aggregation (SecAgg) [130] was investigated as a cryptographic countermeasure
against membership inference; and Byzantine-robust coordinate-wise median aggregation
(FedMedian) [131] was examined as a defence against poisoning-induced degradation of
model integrity.

The results demonstrated that the original framework exhibited an inherent robustness to
gradient inversion attacks, primarily attributable to architectural and training-related factors,
while simultaneously revealing a substantial vulnerability to membership inference in the
absence of cryptographic protection mechanisms. SecAgg reduced attack efficacy without
compromising synthesis quality. In contrast, data poisoning under standard aggregation
produced severe degradation in model performance at high noise levels, whereas FedMedian
considerably mitigated these effects, albeit with residual limitations under low-intensity
noise injection. Overall, these findings demonstrate that federated I2I translation frameworks
require explicit and multi-layered security evaluation, and that established defence strategies
can provide effective and complementary protection against distinct classes of adversarial
threats.

The content of this chapter has been adapted from a manuscript previously published in
the peer-reviewed journal “Journal of Medical Systems”. Portions of the text are reproduced
verbatim from the published article [129]. The author of this thesis led the conceptualisation
of the study, the design of the attacks and the analytical evaluation. Furthermore, the author
led the drafting and revision of the original manuscript in close collaboration with the
co-authors.
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Abstract
Federated Learning (FL) emerged as a privacy-preserving paradigm for collaborative training of deep learning models 
across institutions without sharing patient data. This approach has been applied to complex tasks such as medical image-
to-image (I2I) translation, including MRI-to-synthetic CT (sCT) generation. However, existing federated I2I frameworks 
often assume privacy preservation as an inherent property of FL rather than a requirement to be explicitly validated, 
leaving their robustness to representative adversarial threat scenarios largely unexplored. In this study, we evaluated 
the vulnerability of a federated MRI-to-sCT translation framework (FedSynthCT-Brain) to three representative attack 
classes: Deep Leakage from Gradients (DLG), Federated Membership Inference Attack (FedMIA), and data poisoning. 
The efficacy of corresponding defense mechanisms, such as Secure Aggregation (SecAgg) and Byzantine-robust median 
aggregation (FedMedian), were assessed. DLG enabled only the recovery of coarse anatomical structures, with no clini-
cally identifiable details (SSIM ≤ 0.16, PSNR ≤ 11 dB) across clients, suggesting limited vulnerability under the evalu-
ated DLG setting. In contrast, FedMIA achieved high membership discrimination, with AUC scores between 0.92 and 
0.99, revealing a critical privacy vulnerability. The introduction of SecAgg reduced AUC values to near-random levels 
(0.23–0.56) across all centers without impacting synthesis quality. Under high-noise poisoning, the standard federated 
averaging (FedAvg) aggregation rendered the federation inoperative, while FedMedian restored performance close to the 
no-poisoning baseline in most scenarios, with significant residual degradation in specific center configurations. At low 
noise levels, the advantage of FedMedian was less consistent, as low-level noise injection may be indistinguishable from 
natural heterogeneity across centers, potentially enabling stealthy degradation. These findings demonstrate that federated 
I2I translation frameworks are not inherently secure and require explicit, multi-layered evaluation. As FL is increasingly 
adopted in clinical workflows, our results underscore the necessity of integrating cryptographic, algorithmic, and infra-
structural safeguards for secure deployment.

Keywords  Federated learning · Image-to-image translation · Synthetic computed tomography · Security attacks
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Introduction

Deep Learning (DL) transformed medical imaging by 
enabling models to learn complex mappings between 
modalities directly from data  [1]. Within this landscape, 
image-to-image (I2I) translation emerged as a prominent 
framework, encompassing tasks such as inter-sequence MRI 
translation and MRI- and Cone-Beam Computed Tomogra-
phy (CBCT)-to-CT synthesis [2, 3]. Among these, synthetic 
CT (sCT) generation has attracted particular clinical interest 
in radiotherapy treatment planning, as it eliminates the need 
for dedicated CT acquisition, thus removing associated ion-
izing radiation dose and co-registration errors [3].

However, developing effective DL models requires 
large, diverse, multi-center datasets  [4, 5], which institu-
tions often cannot share due to regulatory constraints such 
as the GDPR [6, 7] and patient privacy requirements. This 
motivated the adoption of Federated Learning (FL), which 
enables collaborative training by exchanging only model 
updates rather than raw patient data [8]. Beyond its applica-
tion in classification and segmentation tasks, FL has been 
successfully applied to federated MRI cross-modality trans-
lation  [9–11]. More recently, it has been extended to sCT 
synthesis through FedSynthCT-Brain [12], a framework for 
brain MRI-to-sCT translation across four centers, and fur-
ther extended to CBCT-to-sCT translation [13].

These approaches demonstrated effective cross-center 
generalization without requiring the exchange of patient 
data. However, none of these frameworks included an 
explicit security evaluation, treating privacy preservation as 
an inherent property of FL rather than a design requirement 
to be verified. Although FL mitigates direct data sharing, 
federated systems remain vulnerable to well-established 
adversarial threats, including privacy leakage from shared 
updates and integrity attacks that can compromise model 
behavior  [14–16]. Prior work on FL security in medical 
imaging focused primarily on augmentation, classification 
and segmentation tasks  [17], such as backdoor attacks in 
GAN-based data augmentation  [18], poisoning for classi-
fication [19], and evasion attacks via adversarial perturba-
tions in classification tasks [20].

To the best of the authors’ knowledge, no study has 
evaluated security threats in the context of federated I2I 
translation. This work investigated representative adver-
sarial threats and defense strategies, analyzing their trade-
off between clinical utility, computational feasibility, and 
robustness.

Related Work

The security of FL systems encompasses two principal 
threat dimensions, including privacy attacks, which target 
the extraction of sensitive information from model updates, 
and integrity attacks, which aim to corrupt the global model 
through malicious updates. Both classes of attacks exploit 
the exchange of model updates in the FL protocol, which 
constitutes a primary attack surface in the absence of dedi-
cated security mechanisms [15, 16].

Within privacy-related attacks, membership inference 
attacks (MIAs) exploit the tendency of overfitted models to 
behave differently on training versus unseen data. Nasr et 
al. [21] showed that FL models are not inherently more resis-
tant to membership inference than centralized counterparts, 
and that client update vectors extend the attack surface. Zhu 
et al. proposed FedMIA [22], exploiting aggregated update 
information across clients and rounds. In addition, prior 
studies have investigated client participation inference from 
update dynamics, highlighting that even coarse-grained 
aggregation may still expose sensitive information about 
client involvement [23, 24].

In contrast to privacy-oriented attacks, integrity threats, 
such as data poisoning and backdoor attacks, represent a 
growing trend. Bagdasaryan et al.  [25] demonstrated that 
a single compromised client can inject a targeted backdoor 
via model replacement within a single aggregation round, 
with subsequent work exploring increasingly stealthy strate-
gies [26, 27]. In medical imaging, poisoning has been stud-
ied for classification  [19] and federated GAN-based data 
augmentation  [18], where the downstream impact is ulti-
mately measured on classification performance. The impli-
cations for I2I translation are fundamentally different, as 
compromised synthesis models may introduce subtle inten-
sity distortions directly propagated into clinical workflows 
(i.e., radiotherapy dose calculation), where such errors are 
difficult to detect using standard evaluation metrics.

Beyond MIAs and poisoning, gradient-based attacks 
represent another major privacy leakage vector. Zhu et al. 
demonstrated that private training data can be reconstructed 
from shared gradients via iterative optimization (Deep 
Leakage from Gradients), achieving pixel-wise accuracy 
on image data  [28]. Subsequent work showed that recon-
struction quality degrades with larger batch sizes [29], and 
batch normalization statistics substantially hinder standard 
attacks [30]. Furthermore, recent work extended inversion 
to diffusion-based reconstruction in medical imaging [31].

Several complementary defense strategies have been pro-
posed [15, 16]. For instance, differential privacy (DP) [32] 
adds calibrated noise to client updates, providing formal 
privacy guarantees against gradient inversion and mem-
bership inference [21, 29], at the cost of a utility trade-off 
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particularly concerning in medical image synthesis. Secure 
aggregation (SecAgg)  [33] prevents individual gradient 
exposure via cryptographic commitments, but offers no 
protection against poisoning. Byzantine-robust aggrega-
tion  [34] mitigates integrity threats by down-weighting 
anomalous updates, but provides no privacy guarantees.

Despite extensive research on FL security, prior studies 
primarily focused on classification, segmentation, and data 
augmentation tasks. Consequently, established privacy and 
integrity attacks, as well as corresponding defense mecha-
nisms, have not been evaluated in I2I translation settings, 
particularly in clinically relevant synthesis tasks such as sCT 
generation. To address this gap, we implemented three well-
established attack vectors against FedSynthCT-Brain [12]: 
(i) deep leakage from gradients (DLG), (ii) federated mem-
bership inference, and (iii) data poisoning. Furthermore, 
SecAgg and FedMedian were implemented as representa-
tive defense strategies.

Materials and Methods

Datasets

The study included 102 patients across five centers (A–E). 
Centers A–C represented institutional datasets from the US, 
Italy, and Germany, while Centers D and E were extracted 
from the SynthRAD Grand Challenge 2023 [35]. Detailed 
dataset characteristics (i.e., scanner specifications, acqui-
sition protocols) were reported in Table  1. Following the 
original FedSynthCT-Brain  [12] implementation, each 
training center (Centers A, B, C, D) partitioned data into 
training, validation, and test sets to maximize training cases. 
Overall, this corresponded to a 70/10/20 split. Center E was 
used strictly for the external evaluation and generalization 

assessment of the federated model and thus never partici-
pated in model training.

Notable heterogeneity was observed across sites regard-
ing scanner vendors, field strengths, and voxel spacing. The 
MRI acquisitions included both 1.5T and 3T systems, while 
the CT scans were acquired with varying tube voltages 
(120–140 kVp) and heterogeneous reconstruction settings. 
The dimensions of the original images also varied consider-
ably across centers, particularly for Centers C, D and E.

The pre-processing was performed at each client level, 
including rigid registration of MRI and CT volumes. N4 
bias correction [36] and normalization to [0,1] were applied 
to MRI volumes. Subsequently, all MRI and CT volumes 
were resampled to a fixed dimension of 256 × 256 × 256 
using a combination of cropping, resizing, and constant 
padding. Non-anatomical regions (i.e., scanner couch and 
background) were masked, assigning -1000 HU to CT and 
0 to MRI [12].

Federated Learning Framework

The FL workflow was implemented using the Flower frame-
work [37], while model development and training were per-
formed in PyTorch  [38] and MONAI  [39]. Following the 
original implementation, the model aggregation was per-
formed via FedAvg, with local updates regularized using 
the FedProx [40] strategy, which introduces a proximal term 
in the local objective to limit the deviation from the global 
model. The proximal coefficient was set to µ = 3 [12].

Furthermore, as delineated in the original implementa-
tion, a 2D UNet-based model  [41] (with ≈ 2.68 × 107 
trainable parameters) was employed as the foundation for 
all experiments, thereby facilitating the examination of the 
attacks on the original framework. The network consisted 
of four encoding levels with channel depths of 64, 128, 256, 
and 512, followed by a bottleneck block that doubled the 

Table 1  Overview of dataset characteristics across the five participating centers. The table reports patient counts, image dimensions, scanner mod-
els, acquisition parameters, and voxel spacing for both MRI and CT modalities, highlighting inter-center heterogeneity

Centers
A B C D E

Patients 15 14 21 29 23
Original dimension 256 × 176 × 256 256 × 176 × 248 226−357 ×512 

× 512
167− 213 ×216−262 ×
250−277

167− 262 ×
200−225 ×225−248

MRI Voxel size [mm3] 1 × 1 × 1 1 × 1 × 1 0.78 × 0.78 × 1 0.98 −1.12× 0.98 −1.12×
0.98 −1.12 0.98 × 0.98 × 0.98

Scanner MAGNETOM 
Trio

Biographm MR Vantage Titan MAGNETOM Avanto_
fit,Skyra, Vida_fit,Prisma_fit

MAGNETOM 
Aera,Avanto_fit

Field strength [T] 3 3 1.5 1.5–3 1.5–3
CT Voxel size [mm3] 0.49−0.67 × 

0.49−0.67 ×2.5
0.98×0.98×3.27 0.78×0.78×1 0.69−0.78 ×0.69−0.79 ×1−3 0.59−1.27 ×

0.59−1.27 ×1−2
Scanner LightSpeed QX/i Discovery ST Brilliance Sensa-

tion Open
Brilliance Big Bore SOMATOM Defini-

tion AS
Tube voltage [kVp] 140 120 120 120 120
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channel count to 1024 prior to upsampling. Downsampling 
was performed via max pooling, and upsampling employed 
transposed convolutions with a kernel size of 4 and a stride 
of 2. Batch normalization was applied after each convo-
lutional layer. LeakyReLU activations were used in the 
encoder and standard ReLU activations in the decoder. Skip 
connections then concatenated the encoder feature maps 
to the corresponding decoder levels  [41]. Data augmenta-
tion was applied during training. Specifically, random spa-
tial transformations were used, including left-right flipping 
along the spatial axis, random rotations, and random trans-
lations, implemented using MONAI.

Local training was performed using the Random Multi-
2D approach for 1 epoch per round  [12]. Optimization 
was carried out using Adam with a fixed learning rate of 
1 × 10−4 and a batch size of 8 slices.

The federated training was conducted for 20 communi-
cation rounds. Client participation followed a full partici-
pation strategy, where all available clients (Centers A–D) 
contributed in each round.

Model selection and evaluation were performed by 
selecting the final global model obtained at the last com-
munication round.

Experimental Scenarios

Three categories of attacks were simulated within the feder-
ated framework, as illustrated in Fig. 1: (a) gradient inver-
sion, (b)  membership inference, and (c)  data poisoning. 
Where applicable, corresponding defense mechanisms were 
evaluated within the same experimental setting.

Gradient Inversion

The DLG attack  [28] was implemented with the aim of 
reconstructing local inputs from shared gradients. There-
fore, in this scenario, the sensitive data to reconstruct cor-
responded to the input MRIs. For each attack, a 2D dummy 
MRI slice was initialized as a learnable tensor within the 
anatomical mask. The reconstruction was performed by 

Fig. 1  Overview of the three attack scenarios and corresponding 
defenses evaluated in the proposed federated sCT synthesis frame-
work. (a) Gradient Inversion: a honest-but-curious server attempts to 
reconstruct private MRI training data from the gradients ∇w{A...D} 
via the DLG attack, which iteratively optimizes a dummy input through 
gradient matching. (b) Membership Inference: the FedMIA attack 
exploits client gradients to determine whether a given CT–MRI pair 

was included in the training set of any participating center; SecAgg is 
adopted as a countermeasure, encrypting each client’s gradient prior 
to server-side aggregation. (c) Data Poisoning: a malicious client cor-
rupts the federation by injecting additive noise into its local training 
data, thereby altering the contributed gradient; FedMedian aggregation 
is employed at the server as a robust defense against such poisoned 
updates
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minimizing the gradient matching loss, defined as the 
squared difference between dummy and real gradients, com-
puted exclusively within the anatomical mask to suppress 
background reconstruction.

The Adam and the Limited-memory Broyden-Fletcher-
Goldfarb-Shanno (L-BFGS) optimizers [28] were evaluated 
separately. For Adam, a learning rate of lr = 0.1 was used 
with a StepLR scheduler reducing lr by a factor of λ = 0.1 
every 10, 000 iterations. For L-BFGS, a line search step size 
of 0.1 was adopted. Both optimizers were run for 30, 000 
iterations.

In this scenario, no explicit defense mechanism was 
required, and the analysis was conducted under the base-
line [12] federated setting, while limiting the batch size to 1 
to minimize DLG optimization complexity.

Membership Inference

For this scenario, the FedMIA  [22] strategy was imple-
mented. The attack targeted the server, which had access to 
the global model checkpoints at each round and to the client 
model updates uploaded prior to aggregation. The objective 
was to determine, for a given data sample, whether it was 
part of the training set of a specific target client. According 
to the FedMIA implementation, the attack followed a three-
step procedure: 

1.	 For each communication round r, the client update was 
defined as: 

∆w
(r)
k = w

(r)
k − w(r)� (1)

	  where w(r)
k  represents the local model of client k and 

w(r) the global model. The cosine similarity between 
the gradient of the loss, computed on the global model 
with respect to each candidate sample (one MRI and CT 
batch), and the flattened ∆w

(r)
k  was subsequently calcu-

lated, forming an nclients × nbatches similarity matrix.

2.	 The non-membership distribution was estimated by fit-
ting a Gaussian distribution N (µ, σ2) to the similarity 
scores of non-target clients, where µ and σ represent the 
mean and standard deviation, respectively, and excluding 
samples with scores greater than µ + 3σ associated with 
high similarity and consequently potential membership.

3.	 The membership probability was computed as the Gauss-
ian cumulative distribution function (CDF) evaluated 
at the target client score, with higher values indicating 
greater membership likelihood.

In order to establish the membership, in the simulated sce-
nario the attacker had access to the original MRI and CT 

data, providing an upper bound on attack and, consequently, 
defense effectiveness.

To mitigate this threat SecAgg [33] was applied. Under 
this protocol, individual client updates ∆w

(r)
k  are masked 

through cryptographic pairwise secrets prior to transmis-
sion, ensuring that the server can only access the aggregated 
sum of updates without being able to reconstruct any indi-
vidual contribution. This mechanism directly affects the 
assumptions underlying the FedMIA attack, which requires 
access to per-client update vectors ∆w

(r)
k  to compute cosine 

similarity scores against candidate samples. Therefore, the 
application of SecAgg precludes the observation of these 
vectors, thereby rendering the calculation of similarity and, 
consequently, the estimation of membership probabilities, 
no longer viable. The experiments employed the built-
in SecAgg+  [42] implementation provided by the Flower 
framework, which follows the additive masking scheme 
proposed by Bonawitz et al.

The FedMIA attack was subsequently re-evaluated under 
this aggregation setting to assess whether the attack pipeline 
remains applicable and to quantify the resulting privacy risk 
mitigation.

Data Poisoning

The impact of the data poisoning attack was assessed by 
corrupting the training data of a client during the federated 
training process. The primary objective of the attack was to 
degrade the performance of the global model on the remain-
ing clients by injecting corrupted data into the federation. 
The poisoning strategy was implemented by introducing 
additive Gaussian noise to the MRI and CT volumes. For 
each patient, noise n was sampled from a Gaussian dis-
tribution with mean µx and standard deviation σx com-
puted individually from the original CT or MRI volume 
x, and blended with it according to a noise level parameter 
γ ∈ [0, 1], where γ = 0 preserves the original image and 
γ = 1 replaces it entirely with noise, according to:

xpoisoned = (1 − γ) · x + γ · n, n ∼ N (µx, σx)� (2)

The value of γ varied across three noise levels 
γ ∈ {0.1, 0.5, 1.0}. These correspond to 10%, 50% and 
100% noise injection, respectively.

Subsequently, in order to quantify both vulnerability 
and robustness, the impact of data poisoning was evaluated 
under different aggregation strategies. As a baseline con-
figuration, the standard FedAvg aggregation combined with 
FedProx [12] was first considered in the absence of adver-
sarial attacks, establishing an upper bound on synthesis per-
formance. The poisoning attack was then applied under the 
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FedAvg aggregation combined with FedProx to measure the 
degradation induced by a compromised client for each cli-
ent in the federation (Centers A, B, C, D).

As a potential defense mechanism, a Byzantine-robust 
aggregation strategy based on coordinate-wise median (Fed-
Median) [43] was evaluated as an alternative to FedAvg. In 
contrast to mean-based aggregation, FedMedian mitigates 
the influence of anomalous updates by selecting the median 
value across client parameters for each coordinate, thereby 
limiting the impact of outliers introduced by poisoned data. 
The integration with FedProx was maintained to ensure the 
closest possible alignment with the original framework.

Evaluation Metrics

Image synthesis quality and similarity were quantified using 
complementary metrics capturing both pixel-wise accuracy 
and perceptual fidelity [3, 12].

The Mean Absolute Error (MAE) measured pixel-wise 
prediction error between the synthesized image ISynth and 
the ground-truth image IGT in Hounsfield units (HU), and 
is defined as:

MAE = 1
N

N∑

i=1

∣∣∣I(i)
Synth − I

(i)
GT

∣∣∣ ,� (3)

where N is the total number of voxels.
The Peak Signal-to-Noise Ratio (PSNR) evaluated recon-

struction the fidelity by comparing the maximum possible 
signal intensity Imax to the Mean Squared Error (MSE), 
defined as:

PSNR = 10 log10

(
I2

max
MSE

)
,� (4)

where

MSE = 1
N

N∑

i=1

(
I(i)
syn − I

(i)
gt

)2
.� (5)

The Structural Similarity Index (SSIM) assessed percep-
tual similarity by jointly comparing luminance, contrast, 
and structural information between image patches and was 
defined as:

SSIM(x, y) = (2µxµy + C1)(2σxy + C2)
(µ2

x + µ2
y + C1)(σ2

x + σ2
y + C2) ,� (6)

where µx and µy denoted the mean intensities, σ2
x and σ2

y  
the variances, and σxy  the covariance of image patches x and 
y. Constants C1 and C2 were used to stabilize the division.

In the context of membership inference attacks, model 
privacy leakage was evaluated using the Area Under the 
Receiver Operating Characteristic Curve (AUC-ROC). The 
ROC curve represents the trade-off between the True Posi-
tive Rate (TPR) and False Positive Rate (FPR), defined as:

TPR = TP
TP + FN

, FPR = FP
FP + TN

,� (7)

where TP, FP, TN, and FN denote true positives, false 
positives, true negatives, and false negatives, respectively. 
Consequently, the AUC summarized the ROC curve into a 
single scalar value, with higher values indicating stronger 
attack performance and thus greater privacy risk [22].

Results and Discussion

As described in Section  “Gradient Inversion”, the DLG 
attack was performed using both the Adam and L-BFGS 
optimizers over 30, 000 iterations to ensure stable conver-
gence. L-BFGS exhibited a slower and less stable behav-
ior, with the gradient matching loss reaching a plateau 
after ≈ 10,000 iterations. In contrast, Adam provided more 
stable optimization. However, as demonstrated in Fig.  2, 
the reconstruction improved within the initial 5, 000 itera-
tions from a uniform initialization toward the anatomical 
shape of the original MRI, with no qualitative improvement 
beyond 15, 000 iterations. The reconstructed images failed 
to preserve identifiable anatomical details despite captur-
ing coarse structural shapes, with SSIM of 0.16 ± 0.05 and 
PSNR of 11 ± 2 dB at optimizer convergence for the refer-
ence cases presented in Fig.  2, demonstrating the limited 
vulnerability of the framework against this attack. This can 
be attributed to multiple factors, including architectural and 
training factors, as well as the federated paradigm.

The UNet architecture employed in this study (proposed 
in [12]) incorporates batch normalization layers by design, 
which have been shown to substantially hinder gradient 
inversion attacks [30]. Furthermore, the federated training 
context implies that gradients are computed over multi-
patient batches rather than single samples, a condition 
known to degrade reconstruction quality in gradient inver-
sion settings [29]. The implemented DLG configuration rep-
resented an upper bound assessment of gradient inversion 
risk. The adoption of a reduced batch size resulted in an 
increased rate of information leakage per sample, thereby 
providing a more favorable scenario for the attacker in 
comparison to realistic FL implementations. In practical 
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scenarios where gradients are aggregated across multiple 
samples per batch, the reduced granularity of updates is 
expected to further compromise the DLG’s reconstruction 
performance.

The FedMIA attack was evaluated across all four train-
ing centers (A-D). As shown in Fig.  3, using the original 
aggregation strategy (FedAvg+FedProx)  [12], the attack 
achieved accurate discrimination for all centers, with AUC 
values between 0.92 and 0.99 on the received model and cli-
ent updates of the final training round. These results confirm 
that, within the original framework  [12], the server could 
reliably identify whether a specific patient sample might 

have been used in the training of a particular client, thereby 
highlighting a substantial privacy vulnerability.

The implementation of SecAgg substantially reduced 
the attack efficacy, as evidenced by the AUC values, which 
decreased to 0.23, 0.46, 0.56, and 0.54 for Centers A, B, 
C, and D, respectively (see Fig. 3). Notably, this reduction 
held even under a best-case attacker setting, where access to 
the original MRI and CT data provided an upper bound on 
attack effectiveness. Furthermore, the impact of SecAgg on 
model performance, as presented in Table 2, was found to 
be negligible. The MAE, SSIM, and PSNR values exhibited 
consistency across all centers before and after the imple-
mentation of SecAgg, with variations occurring within the 

Fig. 3  ROC curves for membership inference 
attack (FedMIA) across clients, before and after 
the implementation of SecAgg, evaluated on 
MRI and CT batches at the final training round. 
In the original framework, the attack achieved 
high discrimination at all centers, indicating 
severe vulnerability to membership inference. 
The application of SecAgg resulted in a substan-
tial decrease in AUC values, thereby indicating 
the efficacy of SecAgg in mitigating the attack

 

Fig. 2  DLG-based reconstruc-
tion across federated centers. 
Reconstructions evolved from a 
uniform initialization to coarse 
anatomical shapes within the first 
5, 000 iterations, with no further 
qualitative improvement beyond 
15, 000 iterations
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reported results of the original framework baseline  [12]. 
Overall, these results indicate that SecAgg provides robust 
privacy protection against FedMIA without compromising 
synthesis performance.

As detailed in Section “Data Poisoning”, the data poison-
ing attack was simulated by corrupting the training data of 
one client at a time (Centers A–D) at three different noise 
levels (γ ∈ {0.1, 0.5, 1.0}). The impact was then evalu-
ated on all clients and on the external Center E. The results 
obtained under all scenarios are reported in Table 3 in terms 
of MAE, considered the most sensitive similarity metric in 
this context [12].

Under FedAvg, the application of high-noise poisoning 
(γ = 1.0 – 100%) led to severe degradation of the model 
across all non-poisoned centers, thereby impeding the effec-
tive operability of the federation. Notably, the most severe 

Table 2  Model performance across centers before and after applying 
Secure Aggregation (SecAgg) as a defense mechanism against Feder-
ated Membership Inference Attacks (FedMIA). Results are reported as 
mean and standard deviation
Center SecAgg MAE (HU) SSIM PSNR (dB)
A X 92.9 ± 2.8 0.96 ± 0.0133.4 ± 0.6

✓ 87.0 ± 2.1 0.96 ± 0.0133.7 ± 0.5
B X 122.9 ± 6.3 0.84 ± 0.0221.2 ± 1.2

✓ 121.2 ± 6.6 0.84 ± 0.0221.3 ± 1.3
C X 96.0 ± 6.3 0.81 ± 0.0321.6 ± 1.4

✓ 94.3 ± 9.5 0.81 ± 0.0321.6 ± 1.4
D X 68.5 ± 12.0 0.92 ± 0.0126.5 ± 1.0

✓ 68.9 ± 10.1 0.92 ± 0.0126.5 ± 1.0
E X 102.4 ± 12.5 0.88 ± 0.0326.1 ± 1.7

✓ 100.6 ± 10.6 0.88 ± 0.0326.1 ± 1.7

Table 3  Quantitative evaluation of the impact of data poisoning attacks on federated sCT synthesis. MAE [HU] is reported for each center under 
three noise levels (γ ∈ {0.1, 0.5, 1.0}) – indicating 10%, 50% and 100% of noise injected respectively – comparing FedAvg (top) and FedMedian 
(bottom) aggregation strategies. The no-poisoning baseline is reported in the last row. Bold values indicate the better-performing aggregation 
strategy for each center–noise
FedAvg

Evaluated Centers – MAE [HU]
Poisoned Center Noise A B C D E (External)
A 100% – 208.2 ± 22.2 215.4 ± 21.8 210.6 ± 38.6 192.3 ± 16.9

50% – 140.4 ± 13.3 106.5 ± 16.6 92.7 ± 17.7 121.6 ± 12.8
10% – 124.2 ± 7.1 94.3 ± 13.3 70.5 ± 9.1 110.9 ± 11.1

B 100% 183.3 ± 11.1 – 236.0 ± 24.1 248.5 ± 25.7 222.8 ± 14.5
50% 92.8 ± 5.5 – 99.9 ± 18.8 84.0 ± 16.5 117.3 ± 12.4
10% 92.1 ± 1.8 – 93.9 ± 14.6 72.9 ± 12.3 103.5 ± 9.9

C 100% 504.4 ± 28.3 841.6 ± 38.1 – 682.8 ± 57.3 623.7 ± 50.8
50% 138.8 ± 15.0 165.0 ± 17.4 – 143.7 ± 26.7 180.4 ± 18.1
10% 95.3 ± 2.4 131.5 ± 9.6 – 79.1 ± 12.2 119.0 ± 11.5

D 100% 764.9 ± 36.9 790.0 ± 36.8 740.3 ± 20.7 – 787.0 ± 26.0
50% 186.3 ± 19.9 228.7 ± 25.7 181.9 ± 24.2 – 207.0 ± 19.3
10% 94.9 ± 1.7 134.5 ± 8.0 98.8 ± 11.7 – 120.5 ± 11.1

No poisoning – 87.0 ± 1.7 118.8 ± 7.9 95.0 ± 9.1 69.4 ± 8.3 107.1 ± 11.2
FedMedian

Evaluated Centers – MAE [HU]
Poisoned Center Noise A B C D E (External)
A 100% – 124.1 ± 12.6 104.1 ± 9.4 91.5 ± 12.2 115.2 ± 11.1

50% – 117.1 ± 9.7 97.3 ± 16.9 80.7 ± 12.4 115.5 ± 12.1
10% – 115.3 ± 7.5 97.1 ± 11.4 75.6 ± 10.5 110.6 ± 11.5

B 100% 92.9 ± 3.6 – 105.2 ± 12.2 82.2 ± 10.0 111.4 ± 10.0
50% 87.6 ± 0.8 – 95.4 ± 12.7 72.0 ± 8.2 114.7 ± 11.7
10% 88.3 ± 2.6 – 96.3 ± 11.9 74.7 ± 9.0 108.2 ± 10.5

C 100% 88.7 ± 9.8 118.4 ± 14.6 – 99.0 ± 12.0 124.3 ± 11.0
50% 83.9 ± 1.5 109.8 ± 10.5 – 83.8 ± 14.6 119.3 ± 12.8
10% 85.3 ± 0.2 110.4 ± 6.9 – 75.1 ± 9.9 108.9 ± 11.3

D 100% 85.0 ± 4.1 122.5 ± 14.1 126.6 ± 21.0 – 130.6 ± 10.4
50% 83.1 ± 0.9 109.6 ± 8.6 96.3 ± 13.3 – 113.6 ± 12.0
10% 86.9 ± 1.8 113.3 ± 10.1 94.7 ± 16.3 – 108.5 ± 10.2

No poisoning – 89.2 ± 4.9 108.6 ± 5.3 98.1 ± 10.1 74.1 ± 9.5 108.6 ± 11.2
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degradation was observed when Center  C was poisoned, 
where FedAvg yielded MAE values of 504 HU, 841 HU, 
and 682 HU for Centers A, B, and D, respectively. These 
outcomes effectively render the model technically and clini-
cally inoperative (see Fig. 4). A similar impact was observed 
when Center D was poisoned at the same noise level, with 
MAE values exceeding 740  HU across all non-poisoned 
centers. This greater impact can be attributed to the larger 
amount of data provided by Center C (21 patients) and 
Center D (29 patients)  [12]. At intermediate noise levels 
(γ = 0.5 – 50%), performance degradation remained criti-
cal, with MAE reaching high values (i.e., 229 HU) when 
Center D was poisoned. In conditions of low noise (γ = 0.1 
– 10%) poisoning, the operability of the federation was 
preserved with MAE values tending to the no-poisoning 
baseline. However, more substantial degradations were 
observed in specific center combinations, thereby confirm-
ing the impact of data poisoning also at low noise levels. 
The FedMedian aggregation strategy consistently mitigated 
or severely limited the attack under all poisoning scenarios 
at γ = 1.0 and γ = 0.5, often reducing MAE to the no-
poisoning baseline across all center pairs (see Table  3). 
For instance, under a 100% noise injection on Center D, 
FedMedian achieved a substantial MAE reduction (> 80
%) across all centers compared with FedAvg. However, 

a residual degradation persisted on Center C, where the 
MAE (≈ 127 HU) remained about 30 HU higher than the 
no-poisoning baseline, suggesting a potentially non-negli-
gible impact in clinical settings. At 10% noise injection, the 
advantage of FedMedian over FedAvg was less consistent, 
and in several configurations FedAvg achieved equivalent 
MAE. This finding suggests that a 10% noise injection may 
not be sufficiently distinguishable from the natural hetero-
geneity of the data distribution across centers, which can 
originate from differences in scanner resolution or intrin-
sic acquisition noise. Notably, this observation aligns with 
a poisoning attack strategy, under which malicious clients 
inject deliberately low levels of noise to evade detection 
while still cumulatively degrading the global model per-
formance. In a clinical context, particularly with regard to 
radiotherapy dose calculation workflows, these subtle and 
systematic distortions may potentially propagate directly 
into the sCT-based dose computation pipeline. Such dis-
tortions may not be captured by routine quality assurance 
checks that primarily assess gross anatomical plausibility 
rather than voxel-wise HU accuracy. In contrast to tasks 
where model corruption results in immediately observable 
categorical errors, sCT synthesis models may instead mani-
fest spatially coherent but quantitatively biased HU esti-
mates. This observation highlights a notable limitation of 

Fig. 4  Visual comparison of 
sCT for a representative patient 
from external Center E under a 
100% noise data poisoning attack 
(γ = 1.0), corresponding to the 
worst-case scenario. The first 
row represents the no-poisoning 
baseline, while the other rows 
correspond to a different poisoned 
training center (Centers A-D). 
Columns show, from left to right, 
the reference CT, the sCT gener-
ated with FedAvg and FedMedian 
aggregation, and the correspond-
ing pixel-wise difference maps 
(CT − sCT). FedMedian consis-
tently restored image quality across 
all poisoning configurations, while 
FedAvg produced severely cor-
rupted and invalid outputs
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aggregation strategies that are oriented towards robustness. 
While such strategies may prove effective in mitigating 
high-intensity attacks, they can remain partially vulnerable 
to low-amplitude, stealthy poisoning strategies.

Notably, the external Center E followed the same trend 
as the clients, demonstrating that the impact of poisoning 
extended beyond the federated training clients and that 
FedMedian effectively limited it in the external evaluation 
setting as well. Nevertheless, under FedMedian aggrega-
tion, the external Center E remained substantially affected 
under the 100% and 50% scenario, with MAE values rang-
ing from 111  HU to 130  HU depending on the poisoned 
client, representing a consistent degradation with respect to 
the no-poisoning baseline of 108 HU. Indeed, statistically 
significant degradation (p-value < 0.05) was observed in 
most of these cases, with the exception of Center B poi-
soned at 100% (p-value > 0.05). Furthermore, a qualitative 
evaluation of the impact of data poisoning is presented in 
Fig. 4, showing the central–axial sCT slice of a representa-
tive patient from the external Center E under the worst-case 
attack scenario (γ = 1.0, i.e., 100% noise injection). This 
enables a direct comparison across poisoned training cen-
ters (Centers A–D) and the no-poisoning baseline. In detail, 
while poisoning Center A or Center B resulted in a degraded 
output, poisoning Centers C or D led to complete loss of 
structural information under FedAvg. In contrast, FedMe-
dian demonstrated a consistent recovery of sCT in all poi-
soning scenarios, although some artifacts were observed 
(see FedMedian sCT - Poisoned Center D in Fig. 4).

However, the Differential Privacy defense mechanism 
was not investigated in this study. Although DP provides 
formal probabilistic privacy guarantees [32], its noise-injec-
tion mechanism introduces a performance-privacy trade-
off [44] that poses a particular challenge for sCT synthesis, 
where voxel-level HU accuracy directly conditions down-
stream dosimetric calculations. Consequently, SecAgg was 
identified as the optimal solution for defending against the 
FedMIA threat model at the communication level. Never-
theless, additional investigation of DP for federated sCT 
synthesis may be a viable direction for future research.

Conclusion

This study evaluated the vulnerability of a federated MRI-
to-sCT translation framework to three representative 
adversarial attack classes –gradient inversion, membership 
inference, and data poisoning– and assessed the efficacy 
of corresponding defense mechanisms. The DLG attack 
recovered only coarse anatomical structure without clini-
cally identifiable detail, suggesting that the combination of 
architectural choices and federated training characteristics, 

together with the complexity of the I2I task, may constitute 
a substantial barrier to pixel-accurate gradient inversion.

Nevertheless, the gradient inversion was performed in 
2D, at the same granularity as the information exposed dur-
ing training and aggregation. A comprehensive 3D formula-
tion of gradient inversion under 3D (or patch-3D) training 
settings could represent a noteworthy direction for future 
investigations of privacy leakage in volumetric federated 
medical imaging workflows.

The FedMIA attack demonstrated near-perfect member-
ship discrimination in the baseline framework, confirm-
ing that federated I2I translation models are not inherently 
secure. However, the application of SecAgg reduced AUC 
values to random levels across all centers without any sub-
stantial impact on synthesis quality. Data poisoning under 
original settings (FedAvg and FedProx) [12] caused severe 
synthesis degradation at high noise levels, while FedMe-
dian consistently restored model performance close to the 
no-poisoning baseline, at the cost of some artifacts observed 
in the sCTs of the external Center E. Collectively, these find-
ings demonstrate that federated I2I translation frameworks, 
as well as other FL applications, require explicit security 
evaluation. The application of well-established strategies 
(such as SecAgg and FedMedian) represent viable, com-
plementary defenses against privacy and integrity threats. 
However, results also demonstrated that low levels of noise 
(i.e., 10%) injected by a malicious client could be difficult to 
detect and mitigate. Although Byzantine-robust aggregation 
methods, such as Krum [45], represent a promising candi-
date for future investigation, their practical implementation 
necessitates a minimum number of participating clients that 
exceeds the federation size examined in this study. Future 
work should therefore explore detection mechanisms com-
patible with small-scale federations, such as cosine similar-
ity-based gradient screening [46]. Furthermore, although no 
measurable computational or communication overhead was 
observed for SecAgg at the federation scale considered in 
this study, the cost of cryptographic secure aggregation pro-
tocols is known to scale with the number of participating 
clients  [33, 42]. Therefore, future studies involving larger 
federations should explicitly profile these overheads.

In light of these findings, the adoption of encryption 
protocols and additional infrastructure-level security mea-
sures (i.e., strong authentication protocols) appears to be a 
necessary complement to algorithmic defenses. While FL 
is regarded as a privacy-preserving and secure solution, 
its resilience is contingent upon the absence of dedicated 
countermeasures. As evidenced by the FedMIA results, 
the absence of SecAgg in a baseline federated framework 
renders FL critically susceptible to membership inference 
attacks under the right conditions. This highlights the neces-
sity of addressing security in FL at multiple levels, including 
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algorithmic, cryptographic, and infrastructural aspects. Fur-
ther studies should directly incorporate a security analy-
sis when evaluating federated frameworks for medical I2I 
translation. When also combined with clinical studies, this 
would allow for a comprehensive assessment of the clini-
cal implications of both attacks and defenses. Notably, this 
study was conducted with a limited number of clients. While 
this configuration is consistent with prior FL studies in the 
field of I2I translation, its application to large-scale clinical 
deployments is not fully reflected. Therefore, the observed 
security behavior in this work should be interpreted in the 
context of a small-scale federation. Future work should 
investigate larger federations with varying client numbers 
and controlled heterogeneity levels to better characterize 
the stability of attack and defense mechanisms under large-
scale deployment conditions.
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Chapter 8
Robust Neurocomputing Model in

Efficient Federated Brain Tumour
Segmentation with Sparsification

and Weights Clustering

8.1 Introduction

Brain tumour segmentation constitutes one of the most clinically relevant and methodolog-
ically demanding applications of Artificial Intelligence (AI) in neuroimaging. Accurate
delineation of tumour subregions from multi-parametric Magnetic Resonance Imaging (MRI)
is essential for diagnosis, surgical planning, radiotherapy target definition, and monitoring
disease progression over time. Indeed, among imaging modalities, MRI remains the reference
standard for brain tumour assessment due to its superior soft-tissue contrast and non-invasive
nature [132–134]. In recent years, Deep Learning (DL) methods substantially advanced the
state of the art in automated tumour segmentation, with U-Net-based architectures [65] and
their volumetric extensions becoming dominant paradigms in benchmark challenges such as
Brain Tumor Segmentation (BraTS) [135].

Despite these advances, the development of robust DL models for neuro-oncological
segmentation remains constrained by limited access to large, diverse, and well-annotated
datasets. Medical imaging data are typically distributed across institutions and are subject to
strict regulatory frameworks, such as the General Data Protection Regulation (GDPR), which
restrict centralised data aggregation [136]. Federated Learning (FL) has emerged as a promis-
ing paradigm to address this limitation by enabling collaborative model training without
sharing raw patient data [92, 99, 100, 137]. In this decentralised setting, local clients perform
on-site optimisation and share model updates with a coordinating server, which aggregates
them into a global model. Although FL mitigates data governance barriers, its deployment in
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3D medical imaging introduces serious technical challenges. Volumetric models, such as 3D
U-Nets, contain a large number of parameters, and the repeated transmission of full-precision
weight updates during iterative aggregation rounds results in significant communication
overhead [91, 138]. This issue is particularly critical in realistic hospital networks, where
bandwidth may be limited and computational infrastructures may be heterogeneous. Tradi-
tional aggregation strategies such as FedAvg [92] are not inherently communication-aware
and may therefore hinder the scalability of large-scale federated neuroimaging studies.

To address this limitation, an increasing number of studies investigated gradient compres-
sion techniques, including sparsification and quantization [139–141]. However, aggressive
compression can degrade convergence stability and segmentation accuracy, particularly in
non-independent and identically distributed (non-IID) scenarios, which characterise multi-
centre clinical datasets [142]. In this context, Onaizah et al. [143] introduced FedWSOComp,
an integrated framework combining weight magnitude-based sparsification, deterministic
k-means quantization, and entropy-based encoding. The method demonstrated substantial
communication savings while preserving model fidelity in brain tumour segmentation.

Nevertheless, the original evaluation of FedWSOComp primarily focused on scalability
with respect to the number of participating clients and adopted fixed compression parameters.
A systematic investigation into the relationship between sparsification rates, quantization
granularity, and data heterogeneity, particularly in 3D volumetric segmentation, has not yet
been conducted. Understanding these interactions is essential, as segmentation tasks are
highly sensitive to boundary inaccuracies, and even minor degradations in spatial precision
may compromise clinical reliability.

Building upon these considerations, the study presented in this Chapter provides a com-
prehensive analysis of FedWSOComp in the context of 3D brain tumour segmentation using
the multi-institutional FeTS 2024 dataset [144]. Both IID and non-IID client distributions
were explicitly simulated to reflect clinical FL scenarios. A 3D U-Net architecture was
adopted in order to exploit volumetric contextual information, and 18 distinct parameters
configurations were evaluated by varying sparsification retention and clustering granularity.
Furthermore, a systematic ablation study distinguished the separate contributions of the
clustering and sparsification components, and a dedicated communication analysis calculated
the reduction in payload relative to the FedAvg baseline.

The experimental results demonstrated that aggressive compression severely degraded
segmentation quality. In contrast, higher retention ratios combined with moderate-to-fine
quantization achieved a stable balance between Dice Similarity Coefficient (DSC) and the
95th percentile of the Hausdorff distance (HD95) while substantially reducing communica-
tion cost. Importantly, the analysis revealed that the primary advantage of FedWSOComp
arises from the synergistic interaction of its components rather than from sparsification or
clustering in isolation. These findings provide quantitative guidance for the configuration of



8.2. Manuscript 125

communication-aware FL pipelines in clinical environments where bandwidth is constrained.

The content of this chapter has been adapted from a manuscript previously published in
the peer-reviewed journal “Neurocomputing”. Portions of the text are reproduced verbatim
from the published article [145]. The author of this thesis contributed to the method-
ological design, experimental implementation, and analytical evaluation of the extended
FedWSOComp framework, including the systematic compression parameter study and the
ablation analysis. As co-first author of the publication, the author actively participated in
the conceptual development of the study, implementation of the 3D federated segmentation
pipeline, statistical analysis of the results, and drafting and revising of the manuscript in
close collaboration with the co-authors.
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H I G H L I G H T S

• Analyse the impact of FedWSOComp, an integrated strategy combining top-k sparsification, quantization, and entropy-based encoding.

• The performance of 18 different configurations (including IID and non-IID) was evaluated systematically.

• High retention (60%) with fine quantization (64 clusters) optimizes performance.
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A B S T R A C T

Brain tumour segmentation is a key application of AI in neuroimaging. Recently, federated learning (FL) has 

emerged as a strategic and increasingly relevant paradigm in neural computing due to its ability to address key 

challenges in large-scale neural network training, such as data access, privacy, collaborative learning, and model 

robustness. However, its adoption is currently hindered by high communication costs and the heterogeneity 

of client data. In this study, we investigated an efficient FL framework for brain tumour segmentation based 

on communication-aware optimization. We evaluated FedWSOComp, which integrates sparsification, quantiza­

tion, and entropy-based encoding, in combination with a 3D U-Net architecture under both homogeneous and 

heterogeneous data distributions. The multi-institutional FeTS 2024 dataset was employed and partitioned into 

independent and identically distributed (IID) and non-IID settings, with an independent test set of 67 patients. An 

overall of 18 configurations combined sparsification rates and quantization levels. Performance was measured 

using Dice Similarity Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95). Experimental results 

demonstrated that aggressive compression caused severe degradation in segmentation quality, with HD95 ex­

ceeding 60 mm. In contrast, higher retention with finer quantization achieved the best balance between efficiency 

and accuracy, reaching a DSC of 0.98±0.09 and HD95 of 10.40±15.54 mm on the test set under non-IID conditions. 

The findings demonstrated that, when configured with moderate-to-fine quantization and high sparsification re­

tention, FedWSOComp enabled accurate and communication-efficient federated brain tumour segmentation. This 

study provides quantitative evidence and practical guidance for the deployment of FL-based segmentation models 

in privacy-sensitive and bandwidth-constrained clinical settings.

1 . Introduction

Brain tumour segmentation plays a vital role in identifying and de­

lineating abnormal regions within brain imaging data, enabling accurate 

diagnosis and treatment planning and it is a major use case in AI for neu­

roimaging. Among the primary imaging modalities employed, computed 

tomography (CT) and magnetic resonance imaging (MRI) are widely 

used to detect and segment tumours [1]. However, MRI is generally 

preferred due to its non-invasive nature [2], and it remains one of the 

most fundamental and essential tools in the diagnosis and segmentation 

of brain tumours [3]. In recent years, the tumour segmentation field 
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has made substantial progress through the application of deep learn­

ing (DL), which offers the potential to automate tumour segmentation 

with high accuracy [4]. The U-Net architecture, originally proposed by 

Ronneberger et al. [5], has become a standard in DL-based segmenta­

tion tasks. This architecture and its numerous variants continue to serve 

as the foundation for state-of-the-art models in benchmark challenges, 

such as the Brain Tumour Segmentation (BraTS) challenge, where it has 

consistently been employed by top-performing teams. Despite their suc­

cess and the higher segmentation accuracy, DL models typically require 

large volumes of annotated data [6], and accessing extensive datasets 

distributed across multiple institutions remains a significant challenge 

due to stringent data protection regulations, such as the GDPR and 

HIPAA [7]. Federated Learning (FL) has been identified as a promis­

ing approach for neural computing because it enables the training of 

complex neural models on distributed and sensitive data without cen­

tralizing them. In a typical FL setup, participating clients train a local 

model on their private data and periodically share model weight updates 

with a central server. The server aggregates these updates and sends 

back the updated global model to all clients, enabling iterative improve­

ment [8]. This decentralised approach mitigates data privacy concerns 

and fosters cross-institutional collaboration in medical imaging research 

[9–11]. Despite its well-recognized advantages, the application of FL to 

3D medical images, such as MRI, poses significant challenges due to the 

high communication overhead, particularly when dealing with large DL 

models and resource-constrained clients [10,12]. Indeed, traditional FL 

aggregation strategies, such as federated averaging (FedAvg) [8], typi­

cally transmit full precision model updates during each communication 

round, resulting in a substantial bandwidth consumption [13]. To mit­

igate this, lossy compression techniques—including quantization and 

gradient sparsification—have been explored [14].

However, these methods often suffer from reduced accuracy and lim­

ited adaptability to the heterogeneity inherent in 3D volumetric imaging 

data in practical settings [15]. For instance, top-𝑘 gradient sparsification 

effectively reduces communication costs, it introduces approximation 

errors that impair convergence, especially at high sparsification levels 

[16]. Similarly, gradient quantization methods, such as QSGD [17] and 

TernGrad [18], have the potential to reduce communication overhead 

but often distort the gradient distributions and fail to optimise the bit 

efficiency in the quantization, leading to degraded model performance 

[19]. To address this limitation, Onaizah et al. introduced FedWSOComp 

[20], an advanced aggregation strategy that combined deterministic 

𝑘-means clustering for sparse quantization, weight magnitude-based 

sparsification, and Huffman encoding. This approach significantly re­

duced communication costs while preserving model performance. In 

contrast to conventional compression methods, FedWSOComp placed 

emphasis on near-lossless weight recovery, an essential requirement 

for FL in clinical applications. However, FedWSOComp has not yet 

been analysed in terms of the individual effects of its core compo­

nents, sparsification and clustering, particularly under conditions of 

data heterogeneity. Analysing the impact of sparsification and cluster­

ing in FedWSOComp is essential because these mechanisms directly 

affect communication efficiency, optimization dynamics, and model 

robustness. Sparsification reduces communication overhead but may in­

troduce bias and noise in the weight updates, influencing convergence 

and the quality of learned neural representations. Clustering groups 

clients with similar data distributions or learning behaviors, mitigating 

non-independent and identically distributed (IID) effects and improving 

aggregation stability. Based on the above considerations, studying their 

combined impact is therefore crucial to understanding the trade-offs be­

tween efficiency, accuracy, and scalability in federated neurocomputing 

systems. In this study, we address this gap by investigating the con­

tributions of these components within FedWSOComp in the context of 

3D brain tumour segmentation. We conduct our experiments using the 

Federated Tumour Segmentation (FeTS) 2024 challenge dataset under 

both IID and non-IID settings. It is important to highlight that with 

respect to other FL domains, in 3D brain segmentation, it is crucial 

to understand the individual effects of the FedWSOComp components, 

since brain MRI data is highly heterogeneous across institutions due to 

differences in scanners, protocols and patient populations. Furthermore, 

segmentation tasks are extremely sensitive to small errors that can al­

ter anatomical boundaries or clinical interpretations. It is essential to 

understand whether communication savings from sparsification or ro­

bustness from clustering primarily drive performance, in order to ensure 

that models remain accurate, fair and reliable. This analysis not only 

strengthens scientific understanding, but is also a prerequisite for the 

trustworthy deployment of FL in clinical neuroimaging, where even mi­

nor performance trade-offs can have significant medical consequences. 

In summary, the key contributions of this study are as follows:

• We analysed the impact of quantization parameters in the 

FedWSOComp framework, including sparsification rate and clus­

tering granularity, on model convergence and segmentation per­

formance.

• By quantifying how varying compression levels affect convergence 

and segmentation quality in realistic heterogeneity scenarios, the 

study provides insights that extend beyond a single application and 

are broadly valuable to researchers optimizing federated neuro­

computing systems.

• We validated the real-world applicability of FedWSOComp in FL 

scenarios by assessing the model’s generalization ability on an inde­

pendent test set comprising 67 patients from 3 separate institutions 

that were not involved in the federation.

• We evaluated the FedWSOComp framework on the recent FeTS 

2024 dataset, focusing on 3D brain tumour segmentation under 

both IID and non-IID settings.

2 . Related work

2.1 . DL architectures and FL for medical image segmentation

In recent years, DL has become increasingly prominent in 3D med­

ical image segmentation due to its ability to capture spatial continuity 

and mitigate inter-slice artefacts, which are common in 2D approaches. 

Nonetheless, building three-dimensional models typically requires sub­

stantial computational resources. This often led to the adoption of 

sub-volume (or patch-based) processing, which may compromise struc­

tural consistency and the representation of global features [21,22]. 

These limitations became even more critical in FL, where hardware con­

straints and communication costs further restricted the deployment of 

large models on client devices. To overcome such challenges, a wide 

range of architectural solutions has been proposed. DenseNet-based seg­

mentation pipelines combined with ensemble learning, for instance, 

enhanced feature expressiveness and robustness across multimodal MRI 

data [23]. Similarly, lightweight convolutional modules and Dense 

U-Net variants offered a favourable balance between segmentation ac­

curacy and inference speed [22]. Attention-integrated frameworks, such 

as SLCA-UNet, improved border delineation by focusing on salient con­

textual information [21]. Other hybrid encoder–decoder models sought 

to improve efficiency while retaining accuracy. Obayya et al. [24], for 

instance, proposed a nested U-Net with multi-scale skips and adapted 

loss functions, specifically designed to address class imbalance in low-

grade glioma segmentation. Deep supervision and dual-path encoding 

further strengthened structural preservation at tumour boundaries [22], 

while attention-gated units facilitated feature fusion across tumour 

subregions [21].

Related advances in medical segmentation network design further 

highlighted the importance of global contextual modelling and recep­

tive field enlargement. ELTS-Net extended the 3D U-Net paradigm for 

liver and tumour segmentation by incorporating dilated convolutions 

to expand the effective receptive field, together with dual attention 

mechanisms operating across spatial and channel dimensions. In ad­

dition, deep supervision was employed at multiple decoder levels to 
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constrain intermediate representations towards target regions and im­

prove convergence [25]. Alternative paradigms for image segmentation 

have also been explored beyond fully supervised convolutional mod­

els. In this context, deep reinforcement learning has been applied to 

medical-related image segmentation by formulating region delineation 

as a sequential decision-making process guided by task-specific reward 

functions, demonstrating feasibility on gold immunochromatographic 

strip images segmentation [26].

All the above methods introduce important advances in improving 

accuracy of learning architectures but are orthogonal with respect to 

the communication cost. Parallel efforts focused on adapting 3D U-Nets 

to federated settings. Distributed training demonstrated the feasibility of 

privacy-preserving segmentation in FL [27], although the volumetric na­

ture of updates significantly increased communication overhead. To al­

leviate this, decentralised aggregation protocols such as peer-to-peer FL 

improved scalability and resilience to system faults, while compression-

aware strategies were introduced to manage high-dimensional MRI 

data [28].

2.2 . Communication-efficient FL

Heterogeneity across clients further motivated the design of adap­

tive solutions. Zhang et al. [6] introduced client-personalised layers, 

enabling global consistency alongside local adaptability. Dai et al. 

[29] proposed FedATA, an attention-based transformer framework that 

weighted client contributions by relevance, thereby enhancing ro­

bustness to non-IID data. Privacy-preserving mechanisms also gained 

attention, with studies exploring encryption-based methods [30] and 

blockchain-inspired frameworks [31] for secure medical collaborations. 

Lightweight and efficient convolutional networks were further applied 

to brain cancer analysis in FL [32]. Complementary approaches included 

contrastive learning [33], standardised evaluation protocols [34], and 

the integration of transfer learning into federated pipelines, which 

proved particularly beneficial in cross-institutional scenarios [35,36]. 

Despite these advances, communication efficiency remained a central 

challenge. Compression methods such as sparsification and quantiza­

tion were explored to reduce transmission costs. Top-𝑘 sparsification 

reduced the exchange of less relevant gradient updates [37,38], while 

weight quantization decreased bandwidth requirements by mapping pa­

rameters to lower-precision formats [39]. Adaptive schemes, including 

layer-wise quantization (FedLQ [37]) and multi-grained dequantiza­

tion strategies (FedMQ+ [38]), achieved improved trade-offs between 

accuracy and efficiency. Most existing techniques, however, treated 

sparsification, quantization, and encoding as separate processes, with 

limited emphasis on end-to-end reconstruction fidelity. Addressing this 

gap, FedWSOComp [20] proposed a compression-aware framework that 

integrated deterministic 𝑘-means quantization, soft Top-𝑧 sparsification 

[40], and Huffman encoding. This approach enabled high-fidelity recon­

struction while achieving compression levels of up to ×1085, resulting 

in 99% savings in both bandwidth and energy during communica­

tion. Although FedWSOComp demonstrated promising results in brain 

tumour segmentation, its evaluation primarily focused on scalability 

with increasing client numbers and fixed clustering and sparsification 

parameters.

Building on these findings, the present study investigated perfor­

mance stability under varying heterogeneity, clustering, and sparsifica­

tion conditions, thereby extending the applicability and usability of the 

original framework.

3 . Materials and methods

3.1 . Materials

This study employed the public and multi-institutional FeTS 2024 

dataset [41]. This challenge extended the BraTS framework [42] in a 

federated setting, where images are located at local institutions. This 

condition is often observed in hospital networks, where privacy and 

legal concerns pose challenges to the sharing of raw imaging data. 

Specifically, it integrates clinically acquired scans originating from the 

RSNA-ASNR-MICCAI BraTS 2021 challenge, the BraTS 2023 Glioma 

challenge, as well as additional independent datasets contributed by re­

mote institutions participating in a real-world federated network [41]. 

As a result, the dataset encompasses substantial variability in acquisi­

tion protocols, scanners, patient populations, tumour appearance, and 

institutional data distributions.

The dataset includes multi-parametric MRI (mpMRI) images of the 

brain of 1251 different patients, each with a corresponding expert-

labelled segmentation mask defining tumour subregions. Each scan 

consists of 4 modalities: i. T1-weighted, ii. T1-contrast enhanced (T1ce), 

iii. T2-weighted and iv. T2-FLAIR.

Although the dataset was collected from 33 real institutions, the 

metadata includes an artificial division into 23 partitions. In this study, 

the original partitions were used to create 4 major clients (or silos) with 

more data. This approach reduced the number of clients that needed 

to be trained while still enabling the simulation of non-uniform local 

datasets, which are characteristic of clinical FL implementations.

Using these 4 major clients, both homogeneous and heterogeneous 

partitioning arrangements have been defined. In the IID partitioning, 

100 random samples per client were selected from each client. This en­

sured that each client received an equal number of scans and a roughly 

similar distribution of tumour characteristics. This scenario represented 

an optimistic and ideal case of FL in which clients work in balanced and 

similar data environments and served as a baseline for further analysis. 

For non-IID partitioning, the major clients were kept unbalanced. This 

strategy simulated a more challenging and more representative scenario 

of real-world clinical conditions, in which institutions differed signifi­

cantly in both the quantity of available patient records and the quality 

of imaging. For each local client, the 10% of the total cases were used for 

the local validation set, 10% for the local testing set and remaining 80% 

for the local training set. Nevertheless, to ensure a clearer evaluation 

protocol, an independent testing set of 67 patients was used, differing 

from the original FedWSOComp study. This separation between train­

ing and testing data reflected a more realistic deployment setting and 

aimed to reduce potential evaluation bias. A comprehensive overview of 

the partitioning strategies employed is provided in Table 1. In addition, 

data distribution among clients was presented in Fig. 1.

Table 1 

Client-level data allocation for IID and Non-IID configurations, with a separate 

independent test set on the server.

IID

Client # Patients Percentage Original partitions

Client 1 100 25% 1

Client 2 100 25% 18

Client 3 100 25% 4, 6, 13

Client 4 100 25% 2, 3, 5, 7, 8, 9, 10, 11, 12

Total 400 100.0%

Non-IID

Client # Patients Percentage Original partitions

Client 1 511 43% 1

Client 2 382 32% 18

Client 3 151 13% 4, 6, 13, 21

Client 4 140 12% 2, 3, 5, 7, 8, 10, 11, 12, 14, 15, 17, 19, 22, 23

Total 1184 100.0%

Independent test set

# Patients Percentage Original partitions

Server 67 100% 9, 16, 20
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Fig. 1. The number of samples per client both in IID (blue) and non-IID (orange) 

settings. In an IID settings, clients received an equal number of patient cases. In 

a non-IID setting, the assignment of mixed data partitions to clients resulted in 

unbalanced local datasets, thereby simulating a real-world scenario.

3.2 . Methods

3.2.1 . Data preprocessing

The MONAI [43] framework was employed to implement the med­

ical segmentation workflow, including the data preprocessing pipeline. 

To standardise spatial orientation across clients, all images were reori­

ented to the canonical RAS (Right-Anterior-Superior) coordinate system. 

Furthermore, images and labels were resampled to an isotropic voxel 

spacing of 1.0×1.0×1.0 mm3, ensuring uniform spatial resolution across 

the dataset. Constant padding was applied to match the input dimen­

sions to 256 × 256 × 160 voxels. A min-max intensity normalization was 

applied for each modality, scaling values to the [0, 1] range. During train­

ing, random data augmentation was applied in a deterministic manner 

at the client level, including flipping along the spatial axes, intensity 

scaling, and intensity shifting.

3.2.2 . Deep learning architecture

While the original FedWSOcomp study [20] employed a 2D U-Net 

[5], we adopted a 3D U-Net to better exploit volumetric information 

in MRI data [44]. As discussed in Section 2, this architecture has been 

widely used in biomedical image segmentation tasks due to its en­

coder–decoder structure and skip connections, which preserve spatial 

detail by combining high-resolution features from the contracting path 

with those from the expanding path. The implemented model consisted 

of five hierarchical levels. At each downsampling stage, the number of 

feature channels was doubled, starting from 16 up to 256. Each block 

applied a 3 × 3 × 3 convolution, followed by batch normalization and 

ReLU activation. Downsampling was performed via max pooling with 

a stride of 2. In the decoding path, transposed convolutions were used 

to upsample the feature maps, which were concatenated with the corre­

sponding encoder features via skip connections to preserve localisation 

accuracy. A dropout rate of 0.2 was applied at the bottleneck to mitigate 

overfitting. The input to the model was a four-channel 3D volume com­

prising the T1, T1ce, T2, and FLAIR MRI modalities. A single-channel 

output volume was obtained through sigmoid activation, representing 

voxel-wise probabilities of tumour presence. The model was trained us­

ing Dice loss, which directly measured the overlap between predicted 

tumour masks and ground truth annotations.

3.2.3 . Aggregation strategy

The FedWSOComp [20] strategy was built upon the widely adopted 

FedAvg algorithm [8], introducing quantization-aware modifications 

to reduce communication overhead between clients and the cen­

tral server. While standard FedAvg involved the transmission of 

full-precision model updates, FedWSOComp employed compression 

techniques to enable scalability across numerous clients, particularly 

within bandwidth-constrained settings such as federated medical image 

segmentation [20]. The training process began with the initialisation 

of the global model weights 𝑤(0) by the server, which then broadcast 

them to all participating clients. Each client trained the model locally 

over a fixed number of epochs, producing an updated model 𝑤(𝑡)
𝑖  and 

computing the local update as: 

Δ𝑤(𝑡)
𝑖 = 𝑤(𝑡)

𝑖 −𝑤(𝑡) (1)

Rather than transmitting Δ𝑤(𝑡)
𝑖  directly, clients compressed their up­

dates into binary representations C(𝑡)
𝑖  using the FedWSOComp encoding 

pipeline. Only the compressed updates were transmitted to the server. 

Upon receiving the encoded updates, the server executed the following 

operations:

• Huffman decoding to recover the quantised index sequence 𝑧𝑖;
• Index-to-centroid mapping to reconstruct the quantised update: 

𝑧𝑖 → 𝑤̂𝑖 = 𝜇𝑧𝑖 (2)

• Aggregation of the reconstructed updates via a weighted FedAvg 

scheme.

The global model was subsequently updated as: 

𝑤(𝑡+1) = 𝑤(𝑡) +
𝑁∑
𝑖=1

𝑛𝑖∑
𝑗 𝑛𝑗

⋅ Δ𝑤̃𝑖 (3)

where 𝑛𝑖 denoted the number of local samples held by client 𝑖, and 

Δ𝑤̃𝑖 represented the decoded and reconstructed update provided by 

that client. Following aggregation, the updated global model 𝑤(𝑡+1) was 

redistributed to all clients to initiate the next training round. This pro­

cess was repeated for a predefined number of communication rounds. 

All compression and decompression steps were deterministic, ensur­

ing round-trip consistency without the need for additional metadata. 

This design led to considerable communication savings, as also reported 

in Onaizah et al. [20]. As in the original FedWSOComp algorithm, com­

pression was performed independently for each layer, treating model 

parameters as separate tensors. Sparsification was applied using a top-𝑧
scheme [45], in which each tensor was pruned by identifying the 

𝑧-quantile of absolute magnitudes and clipping smaller values while 

preserving their sign. This approach reshaped the update distribution 

without introducing zero values and was shown to improve convergence, 

particularly for bias tensors when using low sparsification thresholds 

[20]. Following sparsification, each tensor was quantised via deter­

ministic 𝑘-means clustering, with centroids computed per layer. Unlike 

stochastic or fixed-level quantization schemes, this method considered 

the statistical distribution of tensor values, thereby reducing update vari­

ance and preserving representativeness. Raw values were replaced by 

cluster indices, which were subsequently encoded using entropy-based 

methods such as Huffman coding. More frequent indices were assigned 

shorter bit-lengths, further enhancing compression efficiency [20]. An 

overview of the complete FedWSOComp pipeline employed in this study, 

which illustrates the full compression workflow, is provided in Fig. 2.

3.2.4 . Compression parameter analysis

The FedWSOComp strategy relies on two principal compression pa­

rameters: the number of quantization clusters (𝐶) and the sparsification 

rate (𝑆𝑅). In the original study [20], the number of clusters was fixed 

at 𝐶 = 3, and sparsification was applied conservatively. The authors 

reported improved convergence, particularly for bias tensors, when spar­

sification thresholds were set below the Top-0.2–thus 20%–level. In the 

present study, we extended this analysis by systematically exploring a 

broader range of compression configurations. Specifically, the number 

of clients was held constant while performing a grid search over the two 

parameters, as follows:

• Number of clusters 𝐶 ∈ {3, 32, 64}
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Fig. 2. Overview of the complete FedWSOComp pipeline adopted in this study.

• Soft Top-𝑧 sparsification rate 𝑆𝑅 ∈ {20, 30, 60}

All possible combinations were evaluated in both IID and non-IID 

scenarios, yielding 18 distinct configurations. Each setting was tested us­

ing the complete FedWSOComp compression and aggregation pipeline, 

allowing for an isolated assessment of the relationship between compres­

sion intensity and segmentation performance under otherwise identical 

experimental conditions.

3.2.5 . Ablation study

To disentangle the individual contributions of the different com­

ponents of the FedWSOComp framework, we performed a structured 

ablation study under both IID and non-IID data distributions. The ob­

jective was to isolate the functional impact of each mechanism, by 

selectively disabling or activating specific components while keeping all 

other experimental conditions unchanged. Therefore, three additional 

experimental pipelines were implemented:

1. FedAvg baseline. The FedAvg strategy was used without any 

compression, clustering, or sparsification mechanisms. This con­

figuration served as a reference upper-bound baseline in terms of 

communication fidelity and segmentation performance, allowing 

us to quantify the effect introduced by FedWSOComp.

2. Clustering-only configuration (C-only). In this setting, only the 

clustering-based quantization component of FedWSOComp was 

enabled. The number of quantization clusters was varied as 𝐶 ∈
{3, 32, 64}, while the sparsification rate was fixed to 𝑆𝑅 = 0, 

effectively disabling gradient sparsification.

3. Sparsification-only configuration (S-only). With this configuration, 

the clustering mechanism was disabled and only the Soft Top-𝑧
sparsification component was applied. The sparsification rate was 

varied as 𝑆𝑅 ∈ {20%, 30%, 60%}, allowing an isolated analysis 

of the impact of gradient pruning on model convergence and 

segmentation performance in the absence of quantization.

All ablation configurations were evaluated under both IID and 

non-IID client distributions, using the same number of clients, model 

architecture, training schedule, and data partitions adopted in the full 

FedWSOComp experiments. This controlled design ensured that any 

observed performance variations could be attributed exclusively to 

the inclusion or removal of specific FedWSOComp components, en­

abling a principled decomposition of their individual and combined 

contributions to communication efficiency and learning performance.

3.2.6 . Communication efficiency evaluation

To enable a principled and reproducible analysis of communica­

tion efficiency across different the configurations, we defined a unified 

evaluation protocol for measuring transmission costs and compression 

effectiveness. The objective was to quantify the impact of each compres­

sion strategy on the communication payload exchanged between clients 

and server, independently of model performance metrics. For each ex­

perimental configuration presented in Section 3.2.5, the communication 

cost was computed as the total number of transmitted bits per com­

munication round, accounting exclusively for model updates exchanged 

during the aggregation phase.

The baseline transmission cost was defined using the uncompressed 

FedAvg protocol, where full-precision model parameters are transmitted 

without any form of compression, quantization, or sparsification.

This value provided a fixed reference point for all subsequent com­

parisons.

Communication efficiency was quantified using two complementary 

metrics:

• the compression ratio, defined as the ratio between the FedAvg 

baseline payload and the compressed payload size, providing a 

multiplicative measure of communication reduction.

• the payload reduction percentage, defined as the relative decrease in 

transmitted bits with respect to the FedAvg baseline.

These metrics allowed for a consistent comparison across compres­

sion mechanisms, including the single components ablation study, and 

their combined application. All communication measurements were 

performed under identical experimental conditions, including model 

architecture, number of clients, training schedule, aggregation proto­

col, and data distribution, ensuring that differences in transmission cost 

arose solely from the adopted compression strategy.

3.2.7 . Experimental DL protocol and metrics

The federation was implemented using the Flower framework [46], 

while the DL components were developed using PyTorch [47] and 

MONAI 2 [43]. Model optimization was performed using the Adam opti­

miser, with a learning rate set to 1×10−4 and a weight decay of 1×10−5. 
A cosine annealing learning rate scheduler was employed, with the cycle 

2 All experiments were conducted on a Supermicro AS-4124GS-TNR 4U 

Rackmount GPU SuperServer equipped with an NVIDIA A100 80 GB GPU, 16 

CPU cores, and 128 GB of RAM
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length set to the number of local training epochs. Mixed-precision train­

ing was enabled via automatic loss scaling using PyTorch GradScaler. 

Due to the substantial memory requirements of 3D training, the batch 

size was set to 1. For all experiments, clients were trained for 25 rounds, 

each consisting of 5 local epochs.

Segmentation performance was primarily assessed using standard 

medical imaging segmentation metrics:

• the Dice Similarity Coefficient (DSC), which quantified the volu­

metric overlap between the predicted and ground truth tumour 

masks. The DSC, bounded between 0 and 1, was defined as:

𝐷𝑆𝐶 = 2|𝐴 ∩ 𝐵|
|𝐴| + |𝐵| (4)

where A and B denoted the predicted and ground truth binary 

masks, respectively.

• the 95th percentile Hausdorff Distance (HD95) [48] was computed 

to evaluate spatial agreement between segmentations, offering 

complementary insight into anatomical accuracy. The HD95 met­

ric corresponded to the 95th percentile of all pairwise distances, 

reducing the influence of outliers.

4 . Results

4.1 . Compression parameter analysis

As reported in Section 3.2.4, the FedWSOComp strategy was assessed 

under 18 different compression configurations, by varying both the 

quantization cluster size and the Soft Top-𝑧 sparsification retention ra­

tio, in the context of IID and non-IID data distributions. Tables 2 and 3 

summarise the performance of the best-performing models, defined as 

those achieving the highest validation performance during training.

These models were subsequently evaluated on an independent test 

dataset that remained unseen during training. Both the global server 

models and the local clients models were considered, allowing the as­

sessment of cross-site generalization as well as client-specific adaptation.

For Client 1, under non-IID conditions with 𝐶 = 64 and 𝑆𝑅 = 60%, the 

local model achieved a DSC of 0.99±0.03 and an HD95 of 5.15±4.17 mm, 

indicating high segmentation quality when compression is lower. The 

federated model, trained under the same parameters and evaluated on 

the independent test set, obtained a DSC of 0.98 ± 0.09 and an HD95 

of 10.40 ± 15.54 mm, confirming that the applied sparsification ratio 

retained sufficient information to preserve boundary fidelity in both 

global and local models. In IID conditions, DSC values peaked at 𝑆𝑅 =
30% with 𝐶 = 32 (0.85±0.24), although further increasing 𝑆𝑅 to 60% im­

proved boundary accuracy, yielding an HD95 of 9.75±7.38 mm at 𝐶 = 64, 

with a slight trade-off in DSC (0.81 ± 0.31). This suggested that, in IID 

settings, volumetric overlap was maximised at 𝑆𝑅 = 30%, while bound­

ary accuracy improved at higher retention. Interestingly, this trade-off 

disappeared under non-IID conditions, where high 𝐶 values combined 

with 𝑆𝑅 = 60% yielded the best overall performance across both metrics.

For Client 2, which displayed greater intra-dataset variability, the 

best non-IID outcome was reached at 𝐶 = 64, 𝑆𝑅 = 60%, with DSC 0.79±
0.34 and HD95 10.19±8.24 mm. Here, boundary accuracy surpassed that 

of the global model, while DSC remained comparable. In IID settings, 

results were more consistent across parameter combinations. The best 

outcome was again observed with 𝐶 = 64, 𝑆𝑅 = 60% (DSC 0.53 ± 0.44, 

HD95 11.64 ± 8.37 mm), with a marginal DSC improvement at 𝐶 = 32, 

𝑆𝑅 = 60% (DSC 0.56 ± 0.47, HD95 12.87 ± 9.14 mm).

For Client 3, the non-IID setting with 𝐶 = 32, 𝑆𝑅 = 60% resulted 

in a local HD95 of 11.95 ± 9.24 mm. The corresponding global model 

under the same parameters achieved DSC 0.98 ± 0.12 and HD95 13.74 ±
15.71 mm, reflecting stable performance. In IID conditions, the lowest 

HD95 was observed at 𝐶 = 32, 𝑆𝑅 = 60% (11.95±9.24 mm), whereas the 

highest DSC was obtained at 𝐶 = 64, 𝑆𝑅 = 20% (0.92 ± 0.13), though at 

the expense of substantially higher HD95.

For Client 4, segmentation accuracy reached its maximum, with 

non-IID DSC values of 1.00 ± 0.00 in several configurations. However, 

boundary precision was not always preserved, as illustrated by 𝐶 = 64, 

𝑆𝑅 = 60% (non-IID), which achieved HD95 of 10.40 ± 15.54 mm de­

spite near-perfect DSC. In IID conditions, DSC peaked at 0.99±0.04 with 

𝐶 = 32, 𝑆𝑅 = 30% and 𝐶 = 64, 𝑆𝑅 = 30%, while boundary accuracy 

further improved at higher retention (e.g., 𝐶 = 64, 𝑆𝑅 = 60%, HD95 

14.18 ± 9.96 mm).

A comparison of the results obtained on the independent set (re­

ported as “Server” in Tables 2 and 3) revealed a consistent pattern: 

moderate-to-fine quantization (𝐶 = 32 or 𝐶 = 64) combined with higher 

retention (𝑆𝑅 = 60%) yielded the most favourable balance between DSC 

and HD95. Specifically, under IID, 𝐶 = 32 or 64 with 𝑆𝑅 = 60% achieved 

DSC values of 0.98 ± 0.12 and 0.98 ± 0.13, and HD95 of 13.74 ± 15.71 mm 

and 14.11 ± 15.74 mm, respectively. Under non-IID conditions, the same 

retention ratio with 𝐶 = 64 produced optimal performance (DSC 0.98 ±
0.09, HD95 10.40 ± 15.54 mm). Conversely, low retention (𝑆𝑅 = 20%) 

Table 2 

Test results under IID data distribution for different combinations of C and 𝑆𝑅. Dice Similarity Coefficient (DSC) and 95th 

percentile Hausdorff Distance (HD95) are reported as mean ± standard deviation for the server and each client.

C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

3 20 DSC 0.77 ± 0.21 0.24 ± 0.12 0.21 ± 0.17 0.69 ± 0.32 0.74 ± 0.24

HD95 69.23 ± 13.28 81.00 ± 17.40 88.44 ± 7.26 69.28 ± 16.99 68.60 ± 11.51

3 30 DSC 0.93 ± 0.14 0.47 ± 0.25 0.40 ± 0.40 0.78 ± 0.26 0.94 ± 0.13

HD95 57.70 ± 19.48 74.02 ± 19.25 85.46 ± 9.93 59.33 ± 24.69 57.16 ± 16.56

3 60 DSC 0.90 ± 0.14 0.63 ± 0.28 0.37 ± 0.34 0.71 ± 0.26 0.93 ± 0.09

HD95 60.47 ± 18.88 75.41 ± 18.48 86.90 ± 10.44 58.08 ± 22.77 63.19 ± 15.99

32 20 DSC 0.95 ± 0.13 0.54 ± 0.25 0.46 ± 0.37 0.89 ± 0.18 0.94 ± 0.08

HD95 61.23 ± 18.73 73.35 ± 19.42 83.39 ± 12.31 60.08 ± 21.94 61.71 ± 16.63

32 30 DSC 0.97 ± 0.12 0.85 ± 0.24 0.43 ± 0.40 0.78 ± 0.33 0.99 ± 0.04

HD95 25.25 ± 24.93 26.95 ± 20.46 46.95 ± 35.99 24.04 ± 13.53 22.24 ± 18.19

32 60 DSC 0.98 ± 0.12 0.80 ± 0.32 0.56 ± 0.47 0.75 ± 0.40 0.98 ± 0.07

HD95 13.74 ± 15.71 10.69 ± 6.95 12.87 ± 9.14 11.95 ± 9.24 14.20 ± 9.84

64 20 DSC 0.95 ± 0.12 0.56 ± 0.27 0.48 ± 0.37 0.92 ± 0.13 0.97 ± 0.05

HD95 58.60 ± 20.52 72.47 ± 19.76 80.90 ± 14.01 58.31 ± 22.91 59.71 ± 18.02

64 30 DSC 0.97 ± 0.12 0.85 ± 0.24 0.45 ± 0.39 0.80 ± 0.31 0.99 ± 0.04

HD95 26.59 ± 25.50 32.42 ± 19.03 48.32 ± 36.29 25.41 ± 16.46 27.74 ± 21.01

64 60 DSC 0.98 ± 0.13 0.81 ± 0.31 0.53 ± 0.44 0.75 ± 0.40 0.97 ± 0.08

HD95 14.11 ± 15.74 9.75 ± 7.38 11.64 ± 8.37 12.23 ± 8.87 14.18 ± 9.96
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Table 3 

Test results under non-IID data distribution for different combinations of C and 𝑆𝑅. Dice Similarity Coefficient (DSC) and 95th 

percentile Hausdorff Distance (HD95) are reported as mean ± standard deviation for the server and each client.

C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

3 20 DSC 0.92 ± 0.15 0.55 ± 0.28 0.42 ± 0.38 0.82 ± 0.23 0.92 ± 0.14

HD95 61.35 ± 18.48 74.32 ± 18.77 82.08 ± 13.39 58.33 ± 22.56 61.08 ± 15.35

3 30 DSC 0.96 ± 0.11 0.76 ± 0.28 0.45 ± 0.38 0.83 ± 0.23 0.99 ± 0.03

HD95 54.02 ± 22.78 69.89 ± 19.51 71.85 ± 25.79 41.03 ± 29.92 51.61 ± 22.15

3 60 DSC 0.98 ± 0.09 0.83 ± 0.23 0.48 ± 0.37 0.84 ± 0.22 1.00 ± 0.00

HD95 50.21 ± 25.27 68.50 ± 16.99 69.82 ± 27.20 39.93 ± 27.89 47.92 ± 26.84

32 20 DSC 0.98 ± 0.12 0.83 ± 0.25 0.42 ± 0.40 0.81 ± 0.30 1.00 ± 0.00

HD95 37.66 ± 29.13 50.16 ± 10.80 69.19 ± 19.19 35.92 ± 29.82 38.13 ± 26.86

32 30 DSC 0.98 ± 0.13 0.85 ± 0.25 0.40 ± 0.41 0.77 ± 0.36 0.99 ± 0.04

HD95 27.02 ± 27.49 32.43 ± 21.42 49.31 ± 33.66 33.27 ± 27.47 28.79 ± 26.55

32 60 DSC 0.97 ± 0.14 0.70 ± 0.44 0.31 ± 0.45 0.70 ± 0.46 0.91 ± 0.26

HD95 13.34 ± 15.23 87.39 ± 68.91 17.93 ± 12.65 15.21 ± 19.05 12.10 ± 7.62

64 20 DSC 0.98 ± 0.12 0.82 ± 0.25 0.48 ± 0.37 0.84 ± 0.25 1.00 ± 0.00

HD95 44.74 ± 27.34 59.76 ± 9.61 74.73 ± 15.02 37.32 ± 29.96 45.79 ± 23.61

64 30 DSC 0.97 ± 0.14 0.90 ± 0.21 0.37 ± 0.42 0.74 ± 0.40 0.95 ± 0.11

HD95 22.25 ± 24.93 29.58 ± 21.86 43.54 ± 34.15 28.92 ± 23.14 28.23 ± 27.08

64 60 DSC 0.98 ± 0.09 0.99 ±0.03 0.79 ± 0.34 0.83 ± 0.34 0.98 ± 0.05

HD95 10.40 ± 15.54 5.15 ± 4.17 10.19 ± 8.24 11.79 ± 10.45 17.56 ± 15.31

combined with coarse quantization (𝐶 = 3) proved least effective, with 

IID DSC as low as 0.77 ± 0.21 and HD95 69.23 ± 13.28 mm, and non-IID 

DSC 0.92 ± 0.15 with HD95 61.35 ± 18.48 mm.

Fig. 3 further illustrates these trends. In IID settings, 𝐶 = 32 with 

𝑆𝑅 = 60% produced smooth, monotonic DSC improvements with min­

imal oscillations, indicative of stable convergence. In contrast, coarse 

quantization with low retention (e.g., 𝐶 = 3, 𝑆𝑅 = 20%) resulted in 

unstable trajectories, with rapid degradation of DSC during training. 

In non-IID conditions, configurations with high retention (𝑆𝑅 = 60%) 

and fine quantization (𝐶 = 64) retained DSC above 0.95 throughout, 

demonstrating robustness against heterogeneous updates. In addition, 

to complement the quantitative findings, a fixed-slice comparison was 

performed to highlight qualitative differences between configurations, 

as shown in Figs. 4 and 5 for IID and non-IID settings, respectively.

4.2 . Ablation study

As described in Section 3.2.5, to assess the individual contribution of 

each component of the FedWSOcomp framework, we conducted an abla­

tion study under both IID and non-IID data distributions. In the following 

Section, we report the results of each ablation configuration, including 

a systematic comparison with the full FedWSOcomp pipeline using the 

reference configuration 𝐶 = 32 and 𝑆𝑅 = 60%.

The results reported in Tables 4 and 5 correspond to the best-

performing communication rounds, thus the models achieving the 

highest validation performance during the federated training process. 

Performance is reported for both the server (independent test set) and 

the clients.

Under IID conditions (Table 4), the FedAvg baseline achieved strong 

segmentation performance at both server and client levels, with a no­

ticeable degradation on Client 2, which –as also reported in Section 4.1– 

exhibited the highest intra-dataset variability.

When quantization was isolated (𝐶 − 𝑜𝑛𝑙𝑦), with coarse quantiza­

tion (𝐶 = 3), segmentation fidelity deteriorated substantially across 

both metrics, indicating that the transmitted updates were excessively 

distorted to preserve tumour boundaries. In contrast, moderate-to-fine 

quantization (𝐶 = 32, 𝐶 = 64) preserved both overlap and boundary ac­

curacy at the server level, achieving an average server-side performance 

of 0.98±0.12 and HD95 10.82±15.72 mm for 𝐶 = 32, and DSC 0.99±0.02
with HD95 9.01±11.62 mm for 𝐶 = 64. In the latter configuration, HD95 

improved consistently both at the server and client levels, indicating 

enhanced boundary preservation. This behaviour can be attributed to 

the sensitivity of boundary-based metrics to inconsistencies in local 

gradient directions and anatomical representations across heteroge­

neous clients. While FedAvg performs a global parameter averaging 

that can smooth and distort fine-grained boundary features, clustering-

based aggregation groups clients with similar data distributions, thereby 

preserving coherent geometric and anatomical structures.

When sparsification was evaluated independently (𝑆𝑅 − 𝑜𝑛𝑙𝑦), with 

low-to-moderate sparsification (𝑆𝑅 = 20%, 𝑆𝑅 = 40%), segmentation 

quality was already substantially degraded, as reflected by moderate 

DSC values and high HD95, indicating pronounced boundary distortions. 

With stronger sparsification (𝑆𝑅 = 60%), volumetric overlap remained 

relatively high, with an average server-side DSC of 0.94±0.13. However, 

boundary accuracy still deteriorated, with an average server-side HD95 

of 41.05 ± 30.26 mm. These findings suggested that sparsification alone 

can preserve volumetric overlap while introducing significant boundary 

errors.

Under non-IID conditions (Table 5), the same overall trends were 

observed. FedAvg remained robust at both server and client levels. The 

𝐶 − 𝑜𝑛𝑙𝑦 configurations, showed that coarse clustering induced severe 

boundary degradation, with an average server-side HD95 of 68.69±14.58
mm for 𝐶 = 3, whereas finer configurations (𝐶 = 32, 𝐶 = 64) preserved 

both overlap and boundary accuracy.

For the 𝑆𝑅 − 𝑜𝑛𝑙𝑦 configurations, boundary degradation was consis­

tently observed across sparsity ratios. At low sparsification (𝑆𝑅 = 20%), 

although overlap remained relatively high, boundary accuracy was al­

ready severely compromised, indicating once again significant contour 

deviations.

The same behaviour was observed with moderate and higher spar­

sification (𝑆𝑅 = 60%). Overlap remained high (i.e., server-side DSC of 

0.98 ± 0.08), but boundary accuracy remained unsatisfactory compared 

to FedAvg and 𝐶 − 𝑜𝑛𝑙𝑦 aggregation with 𝐶 ∈ {32, 64}.

4.3 . Communication efficiency evaluation

Communication efficiency results are reported in Table 6. The base­

line transmission cost was constant across all modes (1.54 × 108 bits). 

The 𝐶 − 𝑜𝑛𝑙𝑦 configurations achieved compression ratios ranging from 

×3.13 to ×3.77, corresponding to payload reductions of 68.11%–73.48%. 

The highest compression was obtained for the coarsest clustering setting 

(𝐶 = 3, ×3.77), which, however, corresponds to the configuration 
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Fig. 3. Performance trends for varying 𝑆𝑅 and 𝐶 values under IID and non-IID settings.

yielding the poorest segmentation performance in Table 4, highlighting 

a clear trade-off between communication efficiency and model accuracy.

For the 𝑆𝑅−𝑜𝑛𝑙𝑦 configurations, communication gains were strongly 

dependent on the sparsity level. Specifically, 𝑆𝑅 − 𝑜𝑛𝑙𝑦 with 𝑆𝑅 = 20%
resulted in no effective reduction, matching the FedAvg baseline, while 

𝑆𝑅 = 30% produced only a negligible improvement (×1.01, 0.93%). 

Increasing sparsity to 𝑆𝑅 = 60% led to a modest communication 

reduction (×1.24, 19.48%), which remained substantially weaker than 

the gains achieved by 𝐶 − 𝑜𝑛𝑙𝑦 strategies.

In contrast, the combined configuration –reported as FedWSOcomp– 

using the 𝐶 = 32 and 𝑆𝑅 = 60% configuration achieved a good com­

pression ratio of ×3.40 with a 70.65% payload reduction, providing 

communication savings comparable to 𝐶 − 𝑜𝑛𝑙𝑦 while simultaneously 

preserving segmentation performance.
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Fig. 4. Qualitative comparison of segmentation predictions across all compression configurations under IID conditions. Results are shown for different sparsification 

rates (𝑆𝑅 = 20%, 30%, 60%) and quantization levels (𝐶 = 3, 32, 64), with the corresponding ground truth masks.

5 . Discussion

The experimental evaluation of FedWSOComp under both IID 

(Table 2) and non-IID (Table 3) conditions provided insights into the 

relationship between sparsification, quantization, and federated aggre­

gation in 3D brain tumour segmentation. At the global level, the results 

indicated that extreme compression (𝐶 = 3, 𝑆𝑅 = 20%) led to se­

vere performance degradation, with the DSC falling below 0.80 and 

the HD95 exceeding 60 mm. These findings confirmed that aggressive 

sparsification combined with coarse quantization caused substantial in­

formation loss, limiting the global model’s ability to capture tumour 

morphology. In contrast, configurations with higher retention (𝑆𝑅 =
60%) and moderate-to-fine quantization (𝐶 = 32 or 𝐶 = 64) consis­

tently achieved the best trade-off between accuracy and communication 

efficiency. In non-IID settings, the combination of 𝐶 = 64 and 𝑆𝑅 =
60% reached better overall performance, maintaining high segmenta­

tion quality despite heterogeneous client distributions. This observation 

aligned with prior studies that emphasised the importance of retaining 

high-magnitude parameters to preserve representational capacity while 

reducing communication costs [16,40,49]. Conceptually, FedWSOComp 

shared similarities with the dynamic layer-wise sparsification strategy 

introduced by Zhang et al. [40], but it differed in its adoption of a fixed 

soft Top-𝑧 policy. This softer retention mechanism appeared effective in 

preserving fine anatomical structures, which are particularly relevant in 

volumetric tumour segmentation.

In addition to the quantitative analysis, the qualitative results pre­

sented in Figs. 4 and 5 provide further insight into the behaviour of 

FedWSOComp under different compression settings. In the IID case, 

coarse quantization with 𝐶 = 3 and low retention (𝑆𝑅 = 20%) produced 

poorly defined segmentations, including spurious regions extending 

beyond the brain volume. Increasing retention to 𝑆𝑅 = 30% and 𝑆𝑅 =
60% reduced these artefacts, but the segmentations remained poor. Using 

finer quantization (𝐶 = 32 and 𝐶 = 64), the predictions covered the 

ground truth more consistently, with only minor deviations along the 

outer lesion boundaries. However, the difference between 𝐶 = 32 and 

𝐶 = 64 was negligible, indicating limited benefit from doubling the num­

ber of clusters. Under non-IID conditions, the larger number of samples 

available to each client led to more precise segmentations overall. As 

in the IID setting, 𝐶 = 3 resulted in inaccurate predictions, particularly 

at 𝑆𝑅 = 20% and 𝑆𝑅 = 30%. An improvement was noticed only using 

𝑆𝑅 = 60%, although the model still failed to match the ground truth 

with high accuracy. In contrast, with 𝐶 = 32 and 𝐶 = 64, segmentation 

quality clearly improved as retention increased, yielding satisfactory re­

sults at 𝑆𝑅 = 30% and excellent delineations at 𝑆𝑅 = 60%. Overall, 

these qualitative observations confirmed quantitative results. A coarse 

quantization (𝐶 = 3) consistently degraded segmentation quality, with 

the degradation being most pronounced when fewer training cases were 

available (IID scenario). By contrast, moderate-to-fine quantization (𝐶 =
32 or 𝐶 = 64) combined with higher retention produced more accurate 

and reliable lesion delineations, particularly in heterogeneous non-IID 

scenarios.

Notably, substantial variability was observed across clients. For in­

stance, Client 2, trained on a more heterogeneous dataset, exhibited 

reduced stability, whereas Client 4, with more homogeneous data, 

achieved near-perfect DSC. However, higher DSC values were sometimes 

associated with increased HD95, suggesting a trade-off between vol­

umetric overlap and boundary precision. Such site-specific differences 

reinforced the need to assess FL models at both independent institutions 

and individual clients levels, in agreement with recent federated studies 

[10,11,34].

Under IID conditions, 𝐶 = 32 provided the most favourable balance, 

achieving tighter variance bounds and higher DSC compared with 𝐶 = 3
or 𝐶 = 64. Although 𝐶 = 64 yielded marginal robustness advantages 
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Fig. 5. Qualitative comparison of segmentation predictions across all compression configurations under non-IID conditions. Results are shown for different 

sparsification rates (𝑆𝑅 = 20%, 30%, 60%) and quantization levels (𝐶 = 3, 32, 64), with the corresponding ground truth masks.

Table 4 

Test results under IID data distribution for the four experiment modes: FedAvg, CH (𝑆𝑅 = 0, 𝐶 ∈ {3, 32, 64}), SH (𝐶 = 0, 

𝑆𝑅 = 60%), and SKH (𝐶 = 32, 𝑆𝑅 = 60%). Dice Similarity Coefficient (DSC) and 95th percentile Hausdorff Distance (HD95) 

are reported as mean ± standard deviation for the server and each client.

Pipeline C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

FedAvg 0 0 DSC 0.99 ± 0.04 0.90 ± 0.30 0.71 ± 0.39 0.98 ± 0.05 1.00 ±0.00

HD95 12.58 ± 18.87 12.32 ± 16.79 11.30 ± 9.18 11.39 ± 9.55 14.12 ± 13.54

𝐶 − 𝑜𝑛𝑙𝑦 3 0 DSC 0.59 ± 0.21 0.46 ± 0.26 0.40 ± 0.28 0.54 ± 0.24 0.68 ± 0.18

HD95 73.28 ± 12.69 76.19 ± 15.31 76.47 ± 14.14 73.21 ± 13.12 64.77 ± 8.36

𝐶 − 𝑜𝑛𝑙𝑦 32 0 DSC 0.98 ± 0.12 0.88 ± 0.30 0.63 ± 0.45 0.79 ± 0.34 1.00 ± 0.00

HD95 10.82 ± 15.72 13.48 ± 18.47 12.50 ± 9.42 10.79 ± 9.57 14.04 ± 12.51

𝐂 − 𝐨𝐧𝐥𝐲 64 0 DSC 0.99 ± 0.02 0.89 ± 0.30 0.78 ± 0.32 0.97 ± 0.07 1.00 ± 0.00

HD95 9.01 ± 11.62 8.55 ± 7.97 9.07 ± 7.77 8.07 ± 7.30 13.37 ± 13.85

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 20 DSC 0.74 ± 0.23 0.26 ± 0.14 0.40 ± 0.32 0.87 ± 0.17 0.64 ± 0.16

HD95 61.49 ± 18.29 74.59 ± 17.84 83.43 ± 12.43 61.53 ± 21.26 60.95 ± 16.42

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 30 DSC 0.74 ± 0.17 0.30 ± 0.14 0.40 ± 0.27 0.70 ± 0.28 0.65 ± 0.27

HD95 68.89 ± 12.76 77.19 ± 17.07 85.70 ± 9.29 68.51 ± 16.51 69.02 ± 11.55

𝐒𝐑 − 𝐨𝐧𝐥𝐲 0 60 DSC 0.94 ± 0.13 0.72 ± 0.28 0.80 ± 0.31 1.00 ± 0.00 0.92 ± 0.08

HD95 41.05 ± 30.26 30.61 ± 20.60 32.73 ± 31.09 27.14 ± 18.73 42.50 ± 28.49

under non-IID distributions, this came at the cost of increased commu­

nication. Similar behaviour was observed in high-retention scenarios 

(𝑆𝑅 = 60%), consistent with the findings of Jia et al. [50], who showed 

that inappropriate parameter choices could amplify inter-client vari­

ance. In this work, deterministic 𝑘-means quantization combined with 

Huffman coding appeared to mitigate such instability by constraining 

convergence trajectories.

When compared with FedSparse [49], which primarily relied on 

sparse gradient updates, FedWSOComp integrated quantization directly 

into the sparsification pipeline and employed entropy coding to enable 

exact weight reconstruction. This design minimised communication 

payloads while maintaining boundary integrity–an essential aspect in 3D 

segmentation, where even minor inaccuracies may compromise clinical 

reliability.

Interestingly, the ablation results revealed that HD95 degradation 

was more pronounced under IID conditions than in non-IID settings for 

the FedAvg baseline. This counterintuitive behaviour was likely due to 

the limited number of patients used to construct a perfectly balanced 

IID partition, which may reduce boundary generalization in individual 

experiments. In contrast, the inherent heterogeneity of the non-IID set­

ting appears to provide more stable anatomical variability, supporting 

improved generalization in some cases.
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Table 5 

Test results under non-IID data distribution for the four experiment modes: FedAvg (𝐶 = 0, 𝑆𝑅 = 0), CH (𝑆𝑅 = 0, 𝐶 ∈
{3, 32, 64}), SH (𝐶 = 0, 𝑆𝑅 = 60%), and SKH (𝐶 = 32, 𝑆𝑅 = 60%). Dice Similarity Coefficient (DSC) and 95th percentile 

Hausdorff Distance (HD95) are reported as mean ± standard deviation for the server and each client.

Pipeline C 𝐒𝐑 (%) Metric Server Client 1 Client 2 Client 3 Client 4

FedAvg 0 0 DSC 0.99 ± 0.05 0.96 ± 0.17 0.83 ± 0.34 0.94 ± 0.16 0.97 ± 0.07

HD95 8.99 ± 13.75 5.49 ± 3.88 7.84 ± 8.55 8.50 ± 7.97 13.67 ± 14.40

𝐶 − 𝑜𝑛𝑙𝑦 3 0 DSC 0.85 ± 0.18 0.74 ± 0.27 0.60 ± 0.34 0.79 ± 0.22 0.91 ± 0.12

HD95 68.69 ± 14.58 71.69 ± 15.16 73.57 ± 14.53 67.25 ± 15.19 61.13 ± 11.09

𝐶 − 𝑜𝑛𝑙𝑦 32 0 DSC 0.98 ± 0.08 0.98 ± 0.14 0.88 ± 0.31 0.94 ± 0.24 0.97 ± 0.09

HD95 9.91 ± 14.47 6.09 ± 5.29 7.13 ± 7.31 7.80 ± 7.21 15.39 ± 15.27

𝐂 − 𝐨𝐧𝐥𝐲 64 0 DSC 0.99 ± 0.05 0.97 ± 0.16 0.84 ± 0.33 0.94 ± 0.19 0.98 ± 0.08

HD95 8.51 ± 13.03 5.51 ± 4.22 8.27 ± 9.27 8.33 ± 7.95 12.18 ± 15.27

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 20 DSC 0.89 ± 0.17 0.93 ± 0.17 0.86 ± 0.24 0.94 ± 0.10 0.89 ± 0.17

HD95 57.43 ± 19.32 56.07 ± 20.65 62.66 ± 16.77 48.63 ± 22.21 54.40 ± 13.41

𝑆𝑅 − 𝑜𝑛𝑙𝑦 0 30 DSC 0.99 ± 0.05 0.96 ± 0.12 0.88 ± 0.23 0.97 ± 0.07 0.99 ± 0.04

HD95 56.00 ± 22.62 56.23 ± 24.09 57.18 ± 21.47 44.58 ± 26.80 54.91 ± 18.17

𝐒𝐑 − 𝐨𝐧𝐥𝐲 0 60 DSC 0.98 ± 0.08 0.97 ± 0.17 0.93 ± 0.12 1.00 ± 0.00 0.97 ± 0.11

HD95 23.04 ± 27.07 16.32 ± 24.15 10.92 ± 13.38 24.74 ± 37.29 36.40 ± 25.61

Table 6 

Communication costs for different compression pipelines. For each method, the 

minimum transmitted payload observed across training rounds is reported.

Pipeline C 𝐒𝐑
(%)

Baseline 

bits

Compressed 

bits

Compression 

ratio

Payload re­

duction (%)

FedAvg 0 0 1.54 × 108 1.54 × 108 ×1.00 0.00

𝐶 − 𝑜𝑛𝑙𝑦 3 0 1.54 × 108 4.09 × 107 ×3.77 73.48

𝐶 − 𝑜𝑛𝑙𝑦 32 0 1.54 × 108 4.73 × 107 ×3.26 69.31

𝐶 − 𝑜𝑛𝑙𝑦 64 0 1.54 × 108 4.91 × 107 ×3.13 68.11

𝑆 − 𝑜𝑛𝑙𝑦 0 20 1.54 × 108 1.54 × 108 ×1.00 0.00

𝑆 − 𝑜𝑛𝑙𝑦 0 30 1.54 × 108 1.53 × 108 ×1.01 0.93

𝑆 − 𝑜𝑛𝑙𝑦 0 60 1.54 × 108 1.24 × 108 ×1.24 19.48

FedWSOComp 32 60 1.54 × 108 4.52 × 107 ×3.40 70.65

The communication results reported in Table 6 further clarified that 

the full FedWSOcomp pipeline represents a more practical operating 

point than clustering or sparsification alone. Although the 𝐶 − 𝑜𝑛𝑙𝑦
configuration achieved substantial compression (up to 3.77×), the most 

aggressive configuration (𝐶 = 3) was associated with the weakest seg­

mentation performance –presented in Tables 4 and 5– and the largest 

boundary errors.

Furthermore, the 𝑆𝑅 − 𝑜𝑛𝑙𝑦 configurations have not yielded consis­

tent communication savings across retention levels while simultaneously 

increasing the boundary errors represented by the HD95.

The findings of this study, when considered in conjunction with the 

ablation and communication analyses, indicate that the primary ad­

vantage of FedWSOcomp arises from the synergistic combination of 

sufficiently fine-grained quantization with high retention, rather than 

from either compression mechanism in isolation. From a pragmatic 

standpoint, the configuration 𝐶 = 32 with 𝑆𝑅 = 60% was identi­

fied as the most balanced operating regime under IID conditions with 

constrained sample availability, while 𝐶 = 64 with 𝑆𝑅 = 60% was 

identified as the most effective configuration under non-IID settings. It 

was demonstrated that both configurations consistently achieved high 

DSC while maintaining low HD95, and simultaneously delivered high 

communication reductions without the instability associated with coarse 

quantization or low-retention sparsification.

Overall, these configurations delineate a stable and deployable trade-

off between communication efficiency and segmentation reliability, thus 

supporting the assertion that FedWSOcomp may be considered suitable 

for clinical FL applications with constrained computational and net­

work infrastructures, without compromising the robustness of tumour 

delineation.

6 . Conclusion

This work analysed FedWSOComp, an FL strategy for 

communication-efficient 3D medical image segmentation, by sys­

tematically varying its key components, parameters and analysing their 

effects on model performance and compression. The study showed how 

different sparsification levels and quantization granularities influenced 

the trade-off between segmentation accuracy and communication 

efficiency, providing new insights into the practical applicability of 

the method. The results confirmed that moderate-to-fine quantization 

combined with higher retention ratios preserved segmentation quality 

while still achieving substantial communication savings. Moreover, the 

analysis of client-specific outcomes highlighted the importance of con­

sidering heterogeneity in federated scenarios, as improvements varied 

according to local data distributions. A limitation of this study con­

cerned the construction of the IID scenario. By allocating 100 patients to 

each client, the total number of patients available in this case was lower 

than in the non-IID setting, which explained the performance degrada­

tion observed in some IID experiments. Overall, this study deepened 

the understanding of FedWSOComp and its operational boundaries, 

offering guidance for its deployment in bandwidth-constrained clinical 

networks. Future investigations may explore adaptive parameter selec­

tion, integration with privacy-preserving techniques, and large-scale 

validation across multiple institutions and imaging modalities.

CRediT authorship contribution statement

Asaf Raza: Writing – review & editing, Writing – original draft, 

Validation, Software, Methodology, Investigation, Formal analysis, Data 

curation. Ciro Benito Raggio: Writing – review & editing, Writing 

– original draft, Validation, Software, Methodology, Investigation, 

Formal analysis, Data curation. Antonella Guzzo: Writing – review 

& editing, Validation, Supervision, Methodology, Funding acquisition, 

Formal analysis, Conceptualization. Maria Francesca Spadea: Writing 

– review & editing, Validation, Supervision, Methodology, Formal 

analysis, Conceptualization. Giancarlo Fortino: Supervision, Project 

administration, Funding acquisition.

Funding

This work was partially supported by the following projects: (1) 

POS RADIOAMICA project funded by the Italian Ministry of Health 

(CUP: H53C22000650006); (2) PNRR project FAIR-Future AI Research 

(PE00000013), Spoke 9, under the NRRP MUR program funded by the 

NextGenerationEU.

Neurocomputing 677 (2026) 133142 

11 



A. Raza, C.B. Raggio, A. Guzzo et al.

Declaration of competing interest

The authors declare that they have no known competing financial 

interests or personal relationships that could have appeared to influence 

the work reported in this paper.

Data availability statement

The data used in this study were collected from the public Federated 

Tumor Segmentation (FeTS) Challenge 2024 dataset and are available 

at: https://doi.org/10.5281/zenodo.10990500.

References

[1] T.A. Soomro, L. Zheng, A.J. Afifi, A. Ali, S. Soomro, M. Yin, J. Gao, Image segmen­

tation for mr brain tumor detection using machine learning: a review, IEEE Rev. 

Biomed. Eng. 16 (2022) 70–90, https://doi.org/10.1109/RBME.2022.3185292

[2] S. Karim, G. Tong, Y. Yu, A.A. Laghari, A.A. Khan, M. Ibrar, F. Mehmood, 

Developments in brain tumor segmentation using MRI: deep learning insights 

and future perspectives, IEEE Access 12 (2024) 26875–26896, https://doi.org/10.

1109/ACCESS.2024.3365048

[3] S. Alphonse, F. Mathew, K. Dhanush, V. Dinesh, Federated learning with integrated 

attention multiscale model for brain tumor segmentation, Sci. Rep. 15 (2025) 

11889, https://doi.org/10.1038/s41598-025-96416-6

[4] F.J. Dorfner, J.B. Patel, J. Kalpathy-Cramer, E.R. Gerstner, C.P. Bridge, A review 

of deep learning for brain tumor analysis in MRI, NPJ Precis. Oncol. 9 (2025) 2, 

https://doi.org/10.1038/s41698-024-00789-2

[5] O. Ronneberger, P. Fischer, T. Brox, U-Net: convolutional networks for biomed­

ical image segmentation, in: Medical Image Computing and Computer-Assisted 

Intervention (MICCAI) of LNCS, vol. 9351, Springer, 2015, pp. 234–241, https:

//doi.org/10.1007/978-3-319-24574-4_28

[6] W. Zhang, W. Jin, S. Rho, F. Jiang, C.-F. Yang, A federated learning framework 

for brain tumor segmentation without sharing patient data, Int. J. Imaging Syst. 

Technol. 34 (2024) e23147, https://doi.org/10.1002/ima.23147

[7] K.S. Adewole, E. Alozie, H. Olagunju, N. Faruk, R.Y. Aliyu, A.L. Imoize, A. 

Abdulkarim, Y.O. Imam-Fulani, S. Garba, B.A. Baba, et al., A systematic review 

and meta-data analysis of clinical data repositories in Africa and beyond: re­

cent development, challenges, and future directions, Discover Data 2 (2024) 8, 

https://doi.org/10.1007/s44248-024-00012-4

[8] H.B. McMahan, E. Moore, D. Ramage, S. Hampson, B.A. Y Arcas, Communication-

efficient learning of deep networks from decentralized data, arXiv preprint 

arXiv:1602.05629, 2023. 

[9] C. Shiranthika, P. Saeedi, I.V. Bajić, Decentralized learning in healthcare: a review 

of emerging techniques, IEEE Access 11 (2023) 54188–54209, https://doi.org/10.

1109/ACCESS.2023.3281832

[10] C.B. Raggio, M.K. Zabaleta, N. Skupien, O. Blanck, F. Cicone, G.L. Cascini, P. 

Zaffino, L. Migliorelli, M.F. Spadea, FedSynthCT-Brain: a federated learning frame­

work for multi-institutional brain MRI-to-CT synthesis, Comput. Biol. Med. 192 

(2025) 110160, https://doi.org/10.1016/j.compbiomed.2025.110160

[11] C.B. Raggio, P. Zaffino, M.F. Spadea, A Privacy-Preserving federated learning 

framework for generalizable CBCT to synthetic CT translation in head and neck, 

arXiv preprint arXiv:2506.08654 2025 

[12] S.S. Sandhu, H.T. Gorji, P. Tavakolian, K. Tavakolian, A. Akhbardeh, Medical 

imaging applications of federated learning, Diagnostics 13 (2023) 3140, https:

//doi.org/10.3390/diagnostics13193140

[13] C. Ren, H. Yu, H. Peng, X. Tang, B. Zhao, L. Yi, A.Z. Tan, Y. Gao, A. Li, X. Li, Z. 

Li, Q. Yang, Advances and open challenges in federated foundation models, IEEE 

Commun. Surv. Tutorials 28 (2026) 2087–2126, https://doi.org/10.1109/COMST.

2025.3552524

[14] S. Gallus, A. Mercer, P. Singh, D. Cho, Optimization, communication, and per­

sonalization in federated learning for massive networks, Preprints (2025), https:

//doi.org/10.20944/preprints202507.1037.v1

[15] A. Yang, J. Liu, B. Yang, Z. Mo, K. Li, Balancing communication overhead and 

accuracy in compression integration: a survey, J. Supercomput. 81 (2025) 964, 

https://doi.org/10.1007/s11227-025-07451-z

[16] A.N. Sahu, A. Dutta, A.M. Abdelmoniem, T. Banerjee, M. Canini, P. Kalnis, 

Rethinking gradient sparsification as total error minimization, in: NeurIPS 2021 - 

Advances in Neural Information Processing Systems, 2021, https://arxiv.org/abs/

2108.00951. 

[17] D. Alistarh, D. Grubic, J.Z. Li, R. Tomioka, M. Vojnovic, Qsgd: communication-

efficient SGD via gradient quantization and encoding, in: Proceedings of the 

31st International Conference on Neural Information Processing Systems, NIPS’17, 

Curran Associates Inc., Red Hook, NY, USA, 2017, pp. 1707–1718.

[18] W. Wen, C. Xu, F. Yan, C. Wu, Y. Wang, Y. Chen, H. Li, TernGrad: ternary gradi­

ents to reduce communication in distributed deep learning, in: Proceedings of the 

31st International Conference on Neural Information Processing Systems, NIPS’17, 

Curran Associates Inc., Red Hook, NY, USA, 2017, pp. 1508–1518.

[19] L. Wang, W. Wu, J. Zhang, H. Liu, G. Bosilca, M. Herlihy, R. Fonseca, FFT-based 

gradient sparsification for the distributed training of deep neural networks, in: 

Proceedings of the 29th International Symposium on High-Performance Parallel 

and Distributed Computing, HPDC ’20, Association for Computing Machinery, New 

York, NY, USA, 2020, pp. 113–124, https://doi.org/10.1145/3369583.3392681

[20] A.N. Onaizah, Y. Xia, A.J. Obaid, K. Hussain, Deep learning based brain tumour 

architecture for weight sharing optimization in federated learning, Expert Syst. 42 

(2025) e13643, https://doi.org/10.1111/exsy.13643

[21] P.S. Tejashwini, J. Thriveni, K.R. Venugopal, A novel SLCA-UNet architecture for 

automatic MRI brain tumor segmentation, Biomed. Signal Process. Control. 100 

(2025) 107047, https://doi.org/10.1016/j.bspc.2024.107047

[22] K.G. Revathi, M.C.P. Shirley, S. Sreethar, et al., Brain tumor segmentation us­

ing optimized depth wise separable convolutional neural network with dense 

U-Net, Knowl.-Based Syst. (2025) 113678, https://doi.org/10.1016/j.knosys.2025.

113678

[23] A. Shaikh, S. Amin, M.A. Zeb, A. Sulaiman, M.S. Al Reshan, H. Alshahrani, 

Enhanced brain tumor detection and segmentation using densely connected convo­

lutional networks with stacking ensemble learning, Comput. Biol. Med. 186 (2025) 

109703, https://doi.org/10.1016/j.compbiomed.2025.109703

[24] M. Obayya, A. Alshuhail, K. Mahmood, M.H. Alanazi, M. Alqahtani, N.O. Aljehane, 

H. Almansour, M.A. Al-Hagery, A novel u-net model for brain tumor segmentation 

from MRI images, Alex. Eng. J. 126 (2025) 220–230, https://doi.org/10.1016/j.

aej.2025.04.051

[25] X. Guo, Z. Wang, P. Wu, Y. Li, F.E. Alsaadi, N. Zeng, Elts-net: an enhanced liver 

tumor segmentation network with augmented receptive field and global contextual 

information, Comput. Biol. Med. 169 (2024) 107879, https://doi.org/10.1016/j.

compbiomed.2023.107879

[26] N. Zeng, H. Li, Z. Wang, W. Liu, S. Liu, F.E. Alsaadi, X. Liu, Deep-reinforcement-

learning-based images segmentation for quantitative analysis of gold immunochro­

matographic strip, Neurocomputing 425 (2021) 173–180, https://doi.org/10.

1016/j.neucom.2020.04.001, https://www.ciencedirect.com/science/article/pii/

S0925231220305385. 

[27] M.E. Yahiaoui, M. Derdour, R. Abdulghafor, S. Turaev, M. Gasmi, A. Bennour, A. 

Aborujilah, M. Sarem al, Federated learning with privacy preserving for multi-

institutional three-dimensional brain tumor segmentation, Diagnostics 14 (2024) 

2891, https://doi.org/10.3390/diagnostics14242891

[28] E. Albalawi, T.R. Mahesh, A. Thakur, V.V. Kumar, M. Gupta, S.B. Khan, A. 

Almusharraf, Integrated approach of federated learning with transfer learning for 

classification and diagnosis of brain tumor, BMC Med. Imaging 24 (2024) 110, 

https://doi.org/10.1186/s12880-024-01261-0

[29] J. Dai, H. Wu, H. Liu, L. Yu, X. Hu, X. Liu, D. Geng, FedATA: adaptive at­

tention aggregation for federated self-supervised medical image segmentation, 

Neurocomputing 613 (2025) 128691, https://doi.org/10.1016/j.neucom.2024.

128691

[30] R. Kumar, C.M. Bernard, A. Ullah, R.U. Khan, J. Kumar, D.K.B. Kulevome, R. Yunbo, 

S. Zeng, Privacy-preserving blockchain-based federated learning for brain tumor 

segmentation, Comput. Biol. Med. 177 (2024) 108646, https://doi.org/10.1016/j.

compbiomed.2024.108646

[31] G. Appasami, N. Savarimuthu, Federated learning for secure medical MRI brain 

tumor image classification, Eur. Phys. J. Spec. Top. (2025) 1–15, https://doi.org/

10.1140/epjs/s11734-025-01516-z

[32] J.B. Awotunde, C.O. Abikoye, B. Brahma, E.T. Oladipupo, A. Bandyopadhyay, 

Federated learning augmented with convolutional neural networks for brain can­

cer classification, Proc. Comput. Sci. 258 (2025) 2617–2626, https://doi.org/10.

1016/j.procs.2025.04.523

[33] Z. Liu, F. Wu, Y. Wang, M. Yang, X. Pan, FedCL: federated contrastive learning for 

multi-center medical image classification, Pattern Recognit. 143 (2023) 109739, 

https://doi.org/10.1016/j.patcog.2023.109739

[34] A. Kazlouski, I.M. Perez, F. Noor, M. Högerman, O. Ettala, T. Pahikkala, A. Airola, 

Towards practical federated learning and evaluation for medical prediction mod­

els, Int. J. Med. Inform. (2025) 106046, https://doi.org/10.1016/j.ijmedinf.2025.

106046

[35] P.N. Srinivasu, G.J. Lakshmi, S.C. Narahari, J. Shafi, J. Choi, M.F. Ijaz, Enhancing 

medical image classification via federated learning and pre-trained model, Egypt. 

Inform. J. 27 (2024) 100530, https://doi.org/10.1016/j.eij.2024.100530

[36] Y.N. Tan, V.P. Tinh, P.D. Lam, N.H. Nam, T.A. Khoa, A transfer learning approach 

to breast cancer classification in a federated learning framework, IEEE Access 11 

(2023) 27462–27476, https://doi.org/10.1109/ACCESS.2023.3257562

[37] Y. Xu, J. Cheng, H. Xu, C. Guo, Y. Liao, Z. Yao, Towards layer-wise quantization 

for heterogeneous federated clients, Comput. Netw. 264 (2025) 111223, https://

doi.org/10.1016/j.comnet.2025.111223

[38] M. Cao, H. Wang, Y. Yuan, J. Lu, X. Cai, D. Yu, M. Zhao, FedMQ+: towards efficient 

heterogeneous federated learning with multi-grained quantization, J. Syst. Archit. 

(2025) 103460, https://doi.org/10.1016/j.sysarc.2025.103460

[39] H. Hu, W. Du, Y. Li, Y. Wang, pFL-SBPM: a communication-efficient personal­

ized federated learning framework for resource-limited edge clients, Future Gener. 

Comput. Syst. 171 (2025) 107849, https://doi.org/10.1016/j.future.2025.107849

[40] H. Zhang, T. Wu, Z. Ma, F. Li, J. Liu, Dynamic layer-wise sparsification for dis­

tributed deep learning, Futur. Gener. Comput. Syst. 147 (2023) 1–15, https://doi.

org/10.1016/j.future.2023.04.022

[41] S. Bakas, A. Linardos, S. Pati, U. Baid, M. Sheller, B. Edwards, A. Karargyris, P. 

Mattson, B. Menze, M. Bilello, S. Mohan, J.B. Freymann, J.S. Kirby, C. Davatzikos, 

H. Fathallah-Shaykh, R. Wiest, A. Jakab, R.R. Colen, A. Kotrotsou, D. Marcus, M. 

Milchenko, A. Nazeri, M.-A. Weber, A. Mahajan, The federated tumor segmentation 

(FeTS) challenge 2024, Nat. Commun. (2024), https://doi.org/10.5281/ZENODO.

10990500

[42] S. Bakas, et al., The multimodal brain tumor image segmentation benchmark 

(BRATS), IEEE Trans. Med. Imaging 41 (2022) 2773–2781, https://doi.org/10.

1109/TMI.2022.3194052

[43] M.J. Cardoso, W. Li, R. Brown, N. Ma, E. Kerfoot, Y. Wang, B. Murrey, A. 

Myronenko, C. Zhao, D. Yang, V. Nath, Y. He, Z. Xu, A. Hatamizadeh, A. 

Neurocomputing 677 (2026) 133142 

12 



A. Raza, C.B. Raggio, A. Guzzo et al.

Myronenko, W. Zhu, Y. Liu, M. Zheng, Y. Tang, I. Yang, M. Zephyr, B. Hashemian, 

S. Alle, M.Z. Darestani, C. Budd, M. Modat, T. Vercauteren, G. Wang, Y. Li, Y. Hu, 

Y. Fu, B. Gorman, H. Johnson, B. Genereaux, B.S. Erdal, V. Gupta, A. Diaz-Pinto, 

A. Dourson, L. Maier-Hein, P.F. Jaeger, M. Baumgartner, J. Kalpathy-Cramer, M. 

Flores, J. Kirby, L.A.D. Cooper, H.R. Roth, D. Xu, D. Bericat, R. Floca, S.K. Zhou, H. 

Shuaib, K. Farahani, K.H. Maier-Hein, S. Aylward, P. Dogra, S. Ourselin, A. Feng, 

MONAI: an open-source framework for deep learning in healthcare, arXiv preprint 

arXiv:2211.02701, 2022. 

[44] P. Agrawal, N. Katal, N. Hooda, Segmentation and classification of brain 

tumor using 3d-unet deep neural networks, Int. J. Cogn. Comput. Eng. 

3 (2022) 199–210, https://doi.org/10.1016/j.ijcce.2022.11.001, https://www.

sciencedirect.com/science/article/pii/S2666307422000213. 

[45] A.F. Aji, K. Heafield, Sparse communication for distributed gradient descent, in: 

Proceedings of the 2017 Conference on Empirical Methods in Natural Language 

Processing, Association for Computational Linguistics, 2017, https://doi.org/10.

18653/v1/d17-1045

[46] D.J. Beutel, T. Topal, A. Mathur, X. Qiu, J. Fernandez-Marques, Y. Gao, L. Sani, 

K.H. Li, T. Parcollet, P.P.B. de Gusmão, N.D. Lane, Flower: A friendly federated 

learning research framework, arXiv preprint arXiv:2007.14390, 2022. 

[47] A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan, T. Killeen, 

Z. Lin, N. Gimelshein, L. Antiga, A. Desmaison, A. Köpf, E. Yang, Z. DeVito, 

M. Raison, A. Tejani, S. Chilamkurthy, B. Steiner, L. Fang, J. Bai, S. Chintala, 

PyTorch: an imperative style, High-Performance deep learning library, arXiv 

preprint arXiv:1912.01703, 2019. 

[48] A. Celaya, B. Riviere, D. Fuentes, A generalized surface loss for reducing the haus­

dorff distance in medical imaging segmentation, arXiv preprint arXiv:2302.03868, 

2024 

[49] J. Li, Y. Zhang, Y. Li, X. Gong, W. Wang, Fedsparse: a communication-efficient 

federated learning framework based on sparse updates, Electronics 13 (2024) 5042, 

https://doi.org/10.3390/electronics13245042

[50] J. Jia, J. Liu, C. Zhou, H. Tian, M. Dong, D. Dou, Efficient asynchronous feder­

ated learning with sparsification and quantization, Concurr. Comput. Pract. Exp. 

36 (2024) e8002, https://doi.org/10.1002/cpe.8002

Author biography

Ciro Benito Raggio, M.Sc., is a Research Associate at the Karlsruhe Institute of 

Technology, Germany, where he is pursuing a PhD in Decentralized AI for Healthcare and 

Medical Imaging. He received his B.Sc. in Computer Science and Biomedical Engineering 

and his M.Sc. in Biomedical Engineering from the Magna Graecia University of Catanzaro, 

Italy. His research interests include federated learning and privacy-preserving AI for 

decentralized medical image-to-image translation, with applications in synthetic CT 

generation and computer-aided diagnosis. He has contributed to open-source tools, 

peer-reviewed publications, and international AI collaborations.

Asaf Raza received his PhD in Information and Communication Technologies from the 

University of Calabria (UniCal), Italy, where his research focused on Federated Learning 

and Radiomics for privacy-preserving medical image analysis, particularly in brain tu­

mor imaging. He previously earned his Master’s degree in Software Engineering from the 

University of Engineering and Technology (UET) Taxila, Pakistan, with a research focus 

on brain tumor classification using deep learning. His research interests include federated 

learning, radiomics, and AI-driven medical imaging.

Antonella Guzzo is an Associate Professor of Computer Engineering at the University of 

Calabria, Italy. She holds a Ph.D. in Computer Engineering (2005) and previously worked 

as a research fellow at ICAR-CNR. Her research focuses on process mining, data mining, 

AI, and deep learning. She has published over 75 papers, serves as a reviewer for numer­

ous international journals, and is active in program committees for major conferences. 

Since 2005, she has contributed to several national and international research projects. 

She is a cofounder of the IEEE Task Force on Process Mining and a member of the IEEE 

Working Group for the XES standard.

Maria Francesca Spadea is Chair of Modelling and Simulation for Medical Engineering 

at Karlsruhe Institute of Technology (Germany), where she co-leads the Institute of 

Biomedical Engineering. She earned her MSc in Mechanical Engineering from the 

University of Calabria (2002) and her PhD in Bioengineering from Politecnico di Milano 

(2006). Between 2006 and 2015, she was a Visiting Professor at the Massachusetts 

Institute of Technology and Harvard Medical School, where she was also a Fulbright 

Research Scholar (2010–2011), focusing on metal artefact reduction in CT imaging. In 

the past 15 years, she has established extensive national and international collaborations 

across academia, clinical institutions, and industry. Her research focuses on develop­

ing and validating computational methods to support diagnosis and therapy, including 

medical image processing and analysis, surgical navigation and advanced image guided 

radiotherapy.

Giancarlo Fortino is a Full Professor of Computer Engineering at the University of 

Calabria, Italy, and a distinguished professor at multiple Chinese universities. He is a 

senior research fellow at ICAR-CNR, a CAS PIFI visiting scientist, and an IEEE Sensors 

Council Distinguished Lecturer. His research focuses on wearable systems, e-health, IoT, 

agent-based computing, and AI-driven human–machine systems. Prof. Fortino has chaired 

130+ conferences/workshops, served on 700+ program committees, and guest-edited 

over 80 special issues. He has also organized numerous high-impact events, including re­

cent workshops on GenAI for IoT (WF-IoT 2024), vehicle formation control (IEEE CASE 

2024), and distributed collective intelligence (ICDCS 2022).

Neurocomputing 677 (2026) 133142 

13 



PART IV

TOOLING, REPRODUCIBILITY AND
TRANSLATION





Chapter 9
ImageAugmenter: A user-friendly
3D Slicer tool for medical image

augmentation

9.1 Introduction

This chapter presents ImageAugmenter, a user-friendly and open-source module for the 3D
Slicer Imaging Computing Platform [107, 146], designed to make medical image augmenta-
tion widely accessible. Augmentation has emerged as a primary strategy to address one of the
most persistent challenges in medical imaging (i.e. the limited availability of annotated data
for training Deep Learning (DL) models). By generating diverse and realistic variations of ex-
isting images, augmentation improves model generalisation, reduces overfitting, and supports
more robust performance across a range of clinical tasks, including anatomical segmentation,
disease classification, image-to-image translation and computer-aided diagnosis [146].

While existing DL frameworks –such as PyTorch [147] and MONAI [148]– offer pow-
erful augmentation pipelines, they require programming expertise, creating a barrier for
researchers and clinicians who lack coding skills. ImageAugmenter overcomes this limitation
by providing a graphical interface for applying a variety of transformations, covering spatial,
intensity, and noise-based transformations.

The functionality of ImageAugmenter has been evaluated using multiple public medical
imaging datasets of different dimensions, covering diverse imaging modalities. The validation
focused on three main aspects: (i) usability and effectiveness in applying transformations,
(ii) comparison with other available tools, and (iii) computational performance.

In detail, ImageAugmenter was compared to the TorchIO 3D Slicer extension, revealing
several key distinctions. Unlike the TorchIO extension, which provides only 10 basic
transformations and requires loading manually each volume into 3D Slicer, ImageAugmenter
offers more than 20 transforms applicable simultaneously to entire datasets, including images
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and segmentation masks. Augmented datasets can be directly exported on the operating
system, preserving the original file hierarchy. Users can preview augmented images in real-
time, customise transformation parameters, and export the resulting datasets for immediate
use in DL and Federated Learning (FL) workflows. Furthermore, the ImageAugmenter
extension supports GPU acceleration.

This design allows a broad audience to leverage state-of-the-art augmentation techniques
without writing code, fostering a more inclusive and efficient research environment.

Performance benchmarks for previewing and augmenting images were measured across
datasets of increasing size and complexity, using combinations of up to eight transformations
applied simultaneously. Results demonstrated consistent output generation proportional to the
number of transformations, with preview times remaining short due to application on a single
representative volume. Execution times increased with experimental complexity, showing no
unexpected behaviors. GPU acceleration provided benefits mainly when processing a large
number of images and transformations, whereas for simpler tasks CPU-only execution was
competitive.

Beyond its immediate utility in single-site DL studies, ImageAugmenter also holds
potential for FL applications. In healthcare FL, distributed training across institutions often
faces challenges such as data heterogeneity, imbalance, and scarcity –particularly in smaller
clinics– which can limit model performance and generalisation. By enabling straightforward,
local augmentation of medical images, ImageAugmenter allows each federated client to
generate richer and more diverse datasets, enhancing the robustness of the federated model
while maintaining strict data privacy.

It should be noted that the manuscript included in this chapter describes an early version
of ImageAugmenter (1.0.4), which has since evolved to incorporate additional functionality,
performance and user interface improvements. Nevertheless, the original publication captures
the essential methodological contributions, usability principles, and the potential impact on
both conventional and federated DL pipelines.

The content of this chapter has been adapted from a manuscript previously published
in the peer-reviewed journal “SoftwareX”. Portions of the text are reproduced verbatim
from the published article [146]. The author of this thesis led the conceptualisation, design,
implementation, and evaluation of the extension. Furthermore, the author led the drafting
and revision of the original manuscript in close collaboration with the co-authors.

9.2 Manuscript
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A B S T R A C T

Limited medical image data hinders the training of deep learning (DL) models in the biomedical field. Image
augmentation can reduce the data-scarcity problem by generating variations of existing images. However,
currently implemented methods require coding, excluding non-programmer users from this opportunity.

We therefore present ImageAugmenter, an easy-to-use and open-source module for 3D Slicer imaging
computing platform. It offers a simple and intuitive interface for applying over 20 simultaneous MONAI
Transforms (spatial, intensity, etc.) to medical image datasets, all without programming.
ImageAugmentermakes accessible medical image augmentation, enabling a wider range of users to improve the

performance of DL models in medical image analysis by increasing the number of samples available for training.
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1. Motivation and significance

In the field of medical image analysis, deep learning (DL) models
have achieved remarkable success in tasks like disease classification,
tissue and organ segmentation, and image registration [1]. However,
two major barriers in the development of these models are the limited

availability of medical image data, and the increasingly stringent reg-
ulations that make the sharing of medical images, even for research
purposes, more complex. This scarcity of data hinders the training
process, often leading to models that overfit the training data and
perform poorly on unseen data. Data augmentation has been proposed
by several authors to address this issue [2–5].

Image augmentation is a technique that synthetically expands the
training dataset by manipulating existing images or by generating arti-
ficial samples from scratch [6]. In the first, and most common case, the
augmentation can include geometric transformations (translations, ro-
tations, flips, scaling, deformation, zooming), intensity variations (his-
togram based operations), and noise injection [7].

Augmented data helps the DL model to learn features that are
invariant to these alterations and improves the generalization capabil-
ities of the model. Current augmentation techniques are often based on
custom code written in programming languages such as Python. While
there are existing tools and frameworks that address medical image
augmentation, such as Medical Imaging Toolkit (MITK) [8,9], Pillow
[10], PyTorch [11], TorchIO [12], and MONAI [13], they all have one
thing in common: they require programming knowledge to be effec-
tively used. This excludes researchers and medical professionals, who
may lack programming skills, from exploiting the benefits of image
augmentation. It is also time consuming for investigators to implement
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different kinds of augmentation before finding the optimal set that
maximizes model performance.

ImageAugmenter addresses this challenge by providing a user-
friendly tool for medical image augmentation and enabling the crea-
tion of richer and more diverse training datasets, which can directly
improve the performance of DL models.

This translates to increased accuracy, generalizability, and robust-
ness for tasks like cancer detection, segmentation of anatomical struc-
tures, and computer-aided diagnosis.

ImageAugmenter is integrated within the open source 3D Slicer [14]
platform as a module of a new extension, designated as "Slicer-
ImageAugmenter." 3D Slicer is widely used in scientific and clinical
settings. Its popularity is evidenced by a high number of downloads
(over 1.5 million since 2011)1 and a large community of active users.

Using the module is simple and intuitive. The user must:

1. install the extension through 3D Slicer’s extension management
module;

2. select the data to be augmented, where the module supports several
medical image formats, including DICOM and NIfTI with two
different types of folder hierarchies;

3. select the MONAI Transforms to be applied;
4. perform data augmentation; here, several parameters to customize

data augmentation can be selected;.
5. visualize and analyze the augmented data.

The integration with 3D Slicer makes the tool easily accessible to a
wide range of users, facilitating the use of advanced data augmentation
techniques for medical image retrieval and analysis. Moreover,
augmented images can be also visualized through 3D Slicer panels for
easily checking the artificial data space.

2. Software description

The module leverages the capabilities of PyTorch [11] and MONAI
[13] to perform data augmentation on medical image datasets. This
process involves applying a series of specific MONAI transformations to
each image within the dataset, creating a larger and more diverse
collection of samples for training DL models. In light of the mentioned
points, all forthcoming references to the term "transformation" should be
understood in a more precise manner as "MONAI Transform".

2.1. Software architecture

The ImageAugmenter module is structured into several classes,
including those provided by the 3D Slicer infrastructure for building
scripted modules2. These include the ImageAugmenterWidget, which is
responsible for managing the graphical user interface (GUI) of the
module, and the ImageAugmenterLogic, which handles the general logic
of the module. Additionally, a set of custom classes and Python modules
are grouped in the library named ImageAugmenterLib, which allows for
the creation of a modular architecture and serves as the core of the
module.

The ImageAugmenterTransformationParser class is responsible for
coordinating the controller classes and collecting the list of MONAI
Transforms in accordance with the user inputs.

The ImageAugmenterTransformControllerInterface, located in the
ImageAugmenterLib, is the abstract class upon which three distinct
classes are then built: ImageAugmenterSpatialController, Image-
AugmenterIntensityController and ImageAugmenterCropController.
The aim of the controller classes is to be specialized in mapping different
types of MONAI Transforms, ensuring compatibility with the dataset
class. The ImageAugmenterDataset class implements the Dataset ab-
stract class from PyTorch and handles dataset loading and MONAI
Transforms application.

In addition to the mentioned classes, two further Python modules are

included in the ImageAugmenterLib. The ImageAugmenterUtils Python
module contains essential functions, such as saving to disk and pre-
viewing the result, plus other minor utility functions. The Image-
AugmenterValidator Python module, on the other hand, contains
functions used in the initial phase to validate the fields in the GUI.

This modular approach, which combines the standard Slicer module
structure with a set of custom classes, provides a foundation for future
enhancements and additions to the module’s capabilities.

2.2. Software functionalities

ImageAugmenter enables users to define and apply different image
augmentation transformations to their own medical image datasets,
with the ability to maintain the same input hierarchy and ensure that
spatial correspondence between image and mask is maintained through
the applied transformations.

With a user-friendly graphical interface, the module allows users to
select input and output directories, specify image and mask prefixes,
define desired transformations through a comprehensive set of options,
and choose the device (CPU or PyTorch compatible GPUs) on which to
execute the computation. It also provides real-time progress visualiza-
tion and informative status updates.

The module includes a "preview" functionality. Users can select a
subset of transformations and visualize the resulting augmented images
alongside their original counterparts. This facilitates the refinement of
the selected transformations to achieve the optimal outcome for their
specific use case. Furthermore, this approach avoids occupying memory
on the disk and facilitates the user’s understanding of the model’s input
during training. As a consequence, time can be invested in further stages
of research because a data sanity check has already been performed.

In the current version, 7 spatial transformations, 12 intensity trans-
formations, 2 crop transformations and 2 pad transformations are
available. Nevertheless, our efforts have been concentrated on ensuring
that the integration of further MONAI Transforms is straightforward,
largely due to the code design.

Moreover, the majority of parameters that users are required to
configure for each transformation are identical in terms of nomenclature
and functionality to those found in the MONAI library. This approach
streamlines the referencing of MONAI documentation and standardizes
the augmentation pipeline. It ensures that every detail of the trans-
formations in the module is reflected and directly accessible in the
official MONAI documentation.

3. Illustrative examples

Fig. 1 illustrates the ImageAugmenter module. The user is first
prompted to specify the path to the images to be augmented, file hier-
archy information, and file name patterns that will allow the detection
of images and masks (if any) within the specified path. The user is then
prompted to specify a path where the augmented images will be stored.

Subsequently, the user is given the option to select any MONAI
Transforms to be applied, as well as tune their parameters. If the un-
derlying hardware provides a PyTorch-compatible GPU, the user can
also select the device on which the augmentation will be performed.

Finally, the user can choose to preview or save the augmented
images.

Fig. 2 shows an example of how the 3D Slicer scene looks like when
using the "Preview" feature of ImageAugmenter. The inclusion of a pre-
view function within the 3D Slicer module increases the user’s control
over the augmentation process. By allowing real-time tuning of pa-
rameters within the augmentation panel, users will be able to establish
the result of the MONAI Transforms used by checking the images slice by
slice from the 3D Slicer infrastructure.

Finally, Listing 1 shows how ImageAugmenter exports augmented
images with different dataset types. It is appreciable how the module
maintains the input hierarchy, clearly adding the type of MONAI
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Fig. 1. ImageAugmenter graphical user interface.
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Transform applied to a specific case.

Fig. 2. Preview mode.

Listing 1. Input and output example. The two hierarchies of inputs that are supported are illustrated on the left, and the respective generated outputs are shown on
the right.
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4. Impact

Medical data augmentation has emerged as a powerful technique to
enhance the accuracy and robustness of various deep learning-based
tasks in medical image analysis [15].

The application of ImageAugmenter can provide a meaningful
contribution in addressing key research questions and challenges in
medical deep learning. As evidencedby studies referenced in [16,17], data
augmentation is an effectivemethod for enhancing the generalization and
robustness of medical image analysis models across different imaging
modalities, scanner types, andpatient demographics.Addressing this issue
is essential to ensure thatmodels perform effectively on previously unseen
data and are not susceptible to bias. Furthermore, medical imaging data-
sets often suffer from class imbalance, where certain disease classes are
underrepresented. Thoughtful application of augmentation methods can
mitigate this issue, particularly in tasks like lesion detection or segmen-
tation [18]. By augmenting images from minority classes, the dataset be-
comes more balanced, leading to improved model performance.

It is also important to consider that medical imaging is prone to arti-
facts such as motion blur, noise, or intensity inhomogeneities [19]. A key
consideration is how augmentation techniques can be used to simulate
these imaging artifacts, thereby training models that are more resilient to
such commonchallenges in real-worldmedical imaging. Thiswill improve
the ability of the model to deal effectively with noisy or imperfect data.

Finally, in order to make it clear the impact that ImageAugmenter
module can have on the research community, we would like to point out
how that Goceri’s review [15] examined very comprehensively
augmentation techniques that have been applied to improve the per-
formance of deep learning-based diagnosis on different organs (brain,
lung, breast, and eye), using different imaging modalities (MRI, CT,
mammography, and fundoscopy). Results reported in Tables 1–4 of the
review [15], showed that 56 out of the 77 studies proposed in the tables,
involved the use of transformations (such as translation, scaling, flip-
ping, brightness changing, rotation, mirroring, zooming, resizing, etc),
as augmentation methods, improving performance across the wide
range of tasks to which it was applied.

In light of this, the positive implications of ImageAugmenter for the
scientific community and upcoming research efforts are obvious. More-
over, a strong foundation for the adoption of this module is the wide-
spread use of 3D Slicer, both within and beyond the intended user group.

4.1. Comparison with other available tools

The ImageAugmenter module within the 3D Slicer environment is
only comparable to the TorchIO 3D Slicer module3 in terms of func-
tionality. TorchIO is a Python package based on PyTorch for reading,
preprocessing, augmenting, and writing 3D medical images for deep
learning applications. It offers intensity and spatial transforms for data
augmentation and preprocessing. The developers of TorchIO library
describe the TorchIO 3D Slicer module as a tool that allows users to
rapidly visualize the impact of each transformation parameter, thereby

providing an intuitive understanding of the output without the need for
coding4. Although the underlying concept may seem similar, several
important differences emerge between the TorchIO 3D Slicer module
and ImageAugmenter. The following section will describe the distinc-
tions between the two modules and illustrate the enhancements that we
have implemented to enhance the overall user experience.

The first distinction between the two modules is related to their
foundational frameworks. Our module is based on MONAI, while
TorchIO 3D Slicer module is based on the TorchIO package. MONAI
provides a comprehensive suite of high-level Transform classes, partic-
ularly in the domain of spatial transformations, which are not present in
TorchIO. Consequently, this represents an important drawback for the
3D Slicer TorchIO module, as it necessitates additional effort from users
to implement functionality comparable to the advanced Transform
classes available in MONAI.

Another difference lies in the number of transformations that the two
modules offer to the user and the usability of these transformations. Our
module provides more than 20 MONAI Transforms customizable and
applicable to anentire dataset of images andmasks simultaneously. The3D
Slicer TorchIO module offers approximately 10 TorchIO transformations,
the majority of which are random and basic, such as RandomAffine.

It is also crucial to highlight the distinction in the manner in which
our module is integrated in the 3D Slicer environment and how it in-
teracts with the operating system. Unlike the TorchIO 3D Slicer module,
the user is not required to load the images into the 3D Slicer environ-
ment to apply the augmentation. Our module enables the loading of
datasets directly from the operating system, supporting two distinct
hierarchies. It is possible to apply multiple transformations simulta-
neously, preview the transformations, and then automatically save the
results with the same hierarchy and file names as the input dataset,
enhancing and accelerating the user experience.

On the other hand, the TorchIO 3D Slicer module enables the
application of a single TorchIO transformation to a single volume at a
time and it is not possible to save the augmented volume directly on the
operating system with the same input hierarchy. Consequently, further
interaction with 3D Slicer is required to export the augmented volume
and repeat the process for the entire dataset.

To illustratemore clearly thedifferencesbetween ImageAugmenter and
the TorchIO 3D Slicermodule, a comparison has been proposed in Table 1.
The table highlights the key features and capabilities of both modules,
providing an overview of their respective strengths and limitations.

4.2. Performance

The analysis of the tool’s performance is based on a series of different
benchmarks. The benchmarks evaluated the time required to preview
and save images as the image size, the number of images, and the
number of image transformations increased. The indicated preview and
save times are averaged on three consecutive runs. The tests were con-
ducted with both CPU and GPU to provide a more comprehensive
evaluation and perspective of the tool.

Table 1
Differences between ImageAugmenter and the TorchIO 3D Slicer module.

Feature ImageAugmenter TorchIO 3D Slicer Module

Base Framework MONAI TorchIO
Transforms # 24 MONAI transforms 10 TorchIO transforms
Transforms
Parameters

Customizable Customizable

Dataset Loading Direct from operating system, supports two different hierarchies Requires loading the data into 3D Slicer as Volumes in order to apply the
augmentation

Augmentation Can apply multiple transforms to the entire dataset, on the image and the related
segmentation/mask (if present) simultaneously

Applies a single transformation to a single volume at a time

Preview Available for all the MONAI Transforms chosen on a volume of the dataset Available for the volume on which the transform is being applied
Saving The augmented dataset is automatically exported with the same hierarchy and

file names as the original, directly to the operating system
Additional interactions with 3D Slicer are required for the exportation of
augmented volumes to the operating system manually
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The hardware used for these tests included:

• CPU: Intel(R) Xeon(R) Gold 6230 CPU @ 2.10GHz
• GPU: NVIDIA Corporation GA104GL [RTX A4000] (16GB)
• RAM: 12 × 16GB DDR4 DIMM

Furthermore, the number of cases and the amount of input files, as

well as the corresponding cases and output files, are presented to assess
the consistency of the savings.

To ensure reproducibility, three different public datasets of different

sizes were used:

• PDDCA v1.4.1 [20] with 12 images averaging 512 × 512 × 138 in
size.

• SynthRAD2023 [21] challenge dataset for Task 1, using only the
validation set with 30 images of size 220 × 220 × 200 (average) .

• SynthRAD2023 challenge dataset for Task 1.2, using only the training
set with 179 images of size 220 × 220 × 200 (average).

The following section provides a summary of the datasets (Table 2),
the types of MONAI Transforms applied (Table 3), and the parameters
used to run the benchmarks. The results obtained for each benchmark
are presented in Table 4.

Dataset

Transformations

5. Results

It is important to note that the results obtained (Table 4) depend on
the hardware used and should therefore be understood as a non-absolute
indicator of the tool performance.

The results prove the consistency in terms of output, with a number

Table 2
Description of the datasets and input files used in the benchmark.

DatasetID Description Size Input image file Input segmentation file Patients (#) Files in total (#)

D1 PDDCA v1.4.1 (part 1) 512 × 512 × 138 circa img.nrrd BrainStem.nrrd 12 48
D2 SynthRAD2023 - Task1 - Brain - Validation set 220 × 220 × 200 circa mr.nii.gz mask.nii.gz 30 60
D3 SynthRAD2023 - Task1.2 - Brain - Train set 220 × 220 × 200 circa ct.nii.gz mask.nii.gz 179 359

Table 3
Description of the transformations and specific parameters used in the benchmark.

TransformsID Description Settings

T1 A. Rotate
B. RandomFlip

A. Angle: 0.5rad; interpolation mode: nearest
B. -

T2 A. Rotate (angle: 0.5rad, interpolation mode: nearest)
B. RandomFlip
C. Zoom
D. BorderPad

A. Angle: 0.5rad; interpolation mode: nearest
B. -
C. Factor: 1.2; interpolation mode: area; padding mode: edge
D. Spatial border: 10; mode: symmetric

T3 A. Rotate
B. RandomFlip
C. Zoom
D. BorderPad
E. CenterSpatialCrop
F. GaussianSmooth
G. RandomZoom
H. RandomRotate

A. Angle: 0.5rad; interpolation mode: nearest
B. -
C. Factor: 1.2; interpolation mode: area; padding mode: edge
D. Spatial border: 10; mode: symmetric
E. Height: 200; width: 200
F. Factor: 1.0
G. From 0.5 to 0.9; interpolation mode :area; padding mode:edge
H. On the X axis; from 0.6rad to 0.9rad; interpolation mode: nearest; padding mode:reflection

Table 4
Summary of tests performed, devices used, time taken and files exported.

Test # Device DatasetID TransformsID (number of actual transformations) Preview time (s) Saving time (s) Augmented patients (#)

1 CPU D1 T1 (2) 2.37 24.97 24
2 CPU D1 T2 (4) 3.46 36.06 48
3 CPU D1 T3 (8) 5.55 57.87 96
4 CPU D2 T1 (2) 1.05 21.2 60
5 CPU D2 T2 (4) 1.55 28.98 120
6 CPU D2 T3 (8) 2.47 44.99 240
7 CPU D3 T1 (2) 1.07 122.58 358
8 CPU D3 T2 (4) 1.72 188.61 716
9 CPU D3 T3 (8) 2.55 274.12 1432
10 GPU D1 T1 (2) 2.48 24.17 24
11 GPU D1 T2 (4) 3.89 40.13 48
12 GPU D1 T3 (8) 6.04 56.31 96
13 GPU D2 T1 (2) 1.05 20.02 60
14 GPU D2 T2 (4) 1.6 30.9 120
15 GPU D2 T3 (8) 2.62 45.26 240
16 GPU D3 T1 (2) 1 132.23 358
17 GPU D3 T2 (4) 1.73 217.11 716
18 GPU D3 T3 (8) 2.5 265.95 1432

C.B. Raggio et al. SoftwareX 28 (2024) 101923 

6 



of new cases and files generated that are proportional to the trans-
formations used. With regard to the preview times, it can be observed
that they are relatively short. This is because the transformations are
applied to a single exemplary volume, which allows the parameters to be
promptly fine-tuned until the user is satisfied, thus precisely obtaining
the desired behavior.

The execution time increases in proportion to the complexity of the
experiments, exhibiting no unexpected behaviors. Additionally, the re-
sults indicate that the use of the GPU does not consistently outperform
the use of the CPU. This is because, for a few transformations, the time

required for the transfer of data between devices may exceed the ben-
efits gained, and the system still relies on the CPU for disk I/O opera-
tions. Therefore, for simple tasks, using the GPU may result in a time
penalty.

This is visible in the comparison between experiment #9 and
experiment #18, executed respectively on CPU and GPU. In this case,
the computation on the CPU takes 10 s less than the GPU implementa-
tion. This outcome suggests that the benefits of GPU usage are only
evident when an important number of images and transformations are
involved.

Fig. 3. Original image (bottom) compared to Rotate result (middle) and to Random Flip result (top).
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5.1. Exemplary output

This section illustrates how the MONAI Transforms applied with
ImageAugmenter maintain anatomical consistency by comparing the
original image (bottom) and the result obtained (top) by applying the T1
transformations (rotation and flip) to a case of the D1 dataset (Fig. 3).
The original and the transformed volumes are then manually compared
using the volume geometry metadata available in the "Volumes" module
of 3D Slicer (Table 5).

6. Conclusions

In this paper, we presented ImageAugmenter, a 3D Slicer module that
provides an intuitive user interface for executing data augmentation on
medical images. It is designed to be flexible and versatile, supporting a
wide range of MONAI Transforms and offering the users precise control
over the transformation parameters. In addition, it guarantees the
application of the same random transforms to each pair of anatomical
and segmentation volumes, as well as the support of PyTorch compatible
GPUs to decrease computation time.

The performance of ImageAugmenter was evaluated through a series
of benchmarks that measured the time required for previewing and
saving images as the image size, number of images, and transformations
increased. These tests, conducted on both the CPU and the GPU,
demonstrated that the number of generated cases and files was consis-
tently proportional to the applied transformations. The preview times
were short, allowing for quick parameter adjustments. It was found that
the module does not alter dimensions, spacing, origin, scan order, scalar
type and the scalar range of the volumes. Therefore, the consistency of
the results depends on the user’s parameter choices.

The tool allows users to visually assess the effect of data augmenta-
tion transformations and to save the augmented data to be used for
analysis and AI models training. This 3D Slicer module would represent
a powerful tool for researchers, clinicians, biologists, and any user who
intends to use data augmentation techniques for improving the accu-
racy, generalizability, and robustness of their medical DL models, in a
broad accessible way, without writing code and by simply using a
graphical user interface.
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Chapter 10
A Quality Control Tool to Predict

Synthetic Computed Tomography
Hounsfield Unit Accuracy

10.1 Introduction

The clinical translation of Deep Learning (DL) models for medical Image-to-Image (I2I)
translation requires not only high predictive performance, but also reliable and independent
quality control mechanisms. For instance, Synthetic Computed Tomography (sCT) images
generated from Magnetic Resonance Imaging (MRI) or Cone Beam Computed Tomography
(CBCT) acquisitions have demonstrated the potential to replace conventional CT scans
for dose calculation, enabling MR-only and adaptive workflows in radiotherapy [1, 57].
However, the clinical adoption of sCT remains constrained by a fundamental limitation:
once deployed, the quality of a synthetic image cannot be directly assessed in the absence of
ground truth (GT) CT data [55].

This chapter presents a study aimed at addressing this critical gap by introducing an
independent DL-based framework to predict the conversion accuracy of sCT images in terms
of slice-wise Mean Absolute Error (MAE), without requiring access to the corresponding
GT CT. The proposed approach operates as an external quality control layer, fully decoupled
from the image translation algorithm. Rather than estimating model uncertainty within
the generative pipeline, the framework predicts the expected slice-wise conversion error
itself, thereby providing a complementary and redundant safety mechanism for clinical
decision-making [55].

Methodologically, the study introduces a cascading multi-model architecture composed
of an initial MAE interval classification stage followed by a class-specific regression step.
This design decomposes the complex MAE prediction task into two tractable subproblems,
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improving robustness and predictive stability. The workflow was trained and evaluated
on two independent cohorts of head and neck cancer patients, including both MR-based
and CBCT-based sCT images. Quantitative results demonstrated small absolute deviations
between predicted and true MAE values, with no evidence of systematic bias. Importantly,
the inference time was compatible with routine clinical workflows, supporting the feasibility
of real-time deployment [55].

Although the study was conducted in a centralised setting, it addresses a fundamental
prerequisite for the broader deployment of synthetic imaging pipelines, including those
developed under decentralised and privacy-preserving paradigms throughout this thesis.
Federated Learning (FL) strategies for MR-to-CT and CBCT-to-CT translation, presented
in Chapter 4 and Chapter 5), aim to enhance generalisation and data privacy across institu-
tions. Nevertheless, even highly generalisable models require trustworthy, patient-specific
quality assessment tools once deployed in real clinical environments. In this sense, the work
described here complements decentralised training approaches by focusing on post-training
reliability and safety. This contribution represents an essential step toward closing the loop
in DL-based I2I conversion for radiotherapy: generation, evaluation, and informed clinical
acceptance of synthetic images. The conceptual separation between image synthesis and its
quality estimation laid the methodological foundation for subsequent translational develop-
ments presented in Chapter 11.

The content of this chapter has been adapted from a manuscript previously published in
the peer-reviewed journal “Journal of Imaging”. Portions of the text are reproduced verbatim
from the published article [55]. The author of this thesis contributed to the comparative
evaluation of multiple classification architectures for the first stage of the proposed pipeline,
supporting the selection of the most suitable model for MAE interval prediction. In addition,
the author contributed to the revision of the manuscript as a co-author.

10.2 Manuscript
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Abstract: In recent years, synthetic Computed Tomography (CT) images generated from Magnetic
Resonance (MR) or Cone Beam Computed Tomography (CBCT) acquisitions have been shown to be
comparable to real CT images in terms of dose computation for radiotherapy simulation. However,
until now, there has been no independent strategy to assess the quality of each synthetic image in the
absence of ground truth. In this work, we propose a Deep Learning (DL)-based framework to predict
the accuracy of synthetic CT in terms of Mean Absolute Error (MAE) without the need for a ground
truth (GT). The proposed algorithm generates a volumetric map as an output, informing clinicians of
the predicted MAE slice-by-slice. A cascading multi-model architecture was used to deal with the
complexity of the MAE prediction task. The workflow was trained and tested on two cohorts of head
and neck cancer patients with different imaging modalities: 27 MR scans and 33 CBCT. The algorithm
evaluation revealed an accurate HU prediction (a median absolute prediction deviation equal to 4
HU for CBCT-based synthetic CTs and 6 HU for MR-based synthetic CTs), with discrepancies that do
not affect the clinical decisions made on the basis of the proposed estimation. The workflow exhibited
no systematic error in MAE prediction. This work represents a proof of concept about the feasibility
of synthetic CT evaluation in daily clinical practice, and it paves the way for future patient-specific
quality assessment strategies.

Keywords: synthetic CT; conversion prediction; MR-only adaptive radiotherapy; deep learning

1. Introduction

Recently, several methods able to convert Magnetic Resonance (MR) and Cone Beam
Computed Tomography (CBCT) images into synthetic CT (sCT) have been proposed [1–4].
This image-to-image (I2I) translation strategy can help when it is not possible or not
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convenient to acquire a real CT. In particular, radiotherapy is one of the main fields where
sCT can play a fundamental role in improving treatment planning, allowing MR and CBCT
to be integrated into the imaging pipeline without the need for additional CT scans [5–11].
Indeed, MR offers better soft tissue contrast to contour the target tissue and the organs at
risk during treatment simulation. However, MR intensities do not reveal electron density
properties, and additional CT acquisitions are necessary for dose calculation purposes.
CBCT, on the other hand, is widely used for assessing inter-fraction geometric deviations
in adaptive radiotherapy. But, again, CBCT cannot be used to calculate the dose due to the
poor image quality; this forces the clinician to re-plan the treatment on new CT scans when
it is necessary. The conversion of MR and CBCT in sCT images can reduce radiation toxicity
among patients and decrease the time required for the treatment [2,12]. To date, the best-
performing strategies to remap image intensities rely on supervised artificial intelligence
algorithms [3,4], in particular those based on deep learning (DL). However, the accuracy
of this kind of algorithm strongly depends on the dataset used for the training, and they
can underperform in case of strong image artifacts and atypical anatomy. Moreover, the
translation quality is assessed by comparing the sCT with the real CT, which represents
the ground truth (GT). One of the most used metrics to assess conversion accuracy is the
pixel-to-pixel Mean Absolute Error (MAE) [3], defined as Equation (1).

MAE =
∑n

i=1|GTi − sCTi|
n

(1)

Mean Absolute Error formula.
i ranges from 1 to n, number of pixels/voxels both for GT and sCT.

In the case of clinical use, the absence of GT makes it impossible to evaluate the
conversion accuracy, which has a direct impact on dose calculation. As a consequence,
clinicians have to trust the pre-trained DL algorithms, being unable, except for eye-catching
macroscopic mistakes, to detect conversion errors that could dramatically affect the treat-
ment. For the clinical use of sCT for treatment adaptation [13], the implementation of online
quality control procedures is mandatory. Some recent works [14–16] propose a DL model
for synthetic CT generation with uncertainty predictions. The conversion pipeline provides
an sCT alongside a predicted uncertainty map. A shortcoming of this approach is the
information generation within one algorithm. In case of conversion failure, the uncertainty
estimation could also be unreliable. Moreover, it is worth underlining the fundamental
difference between “uncertainty” and “error”: a system (as well as a human) can make
totally wrong predictions while being, at the same time, absolutely certain about them.
For this reason, it is important to predict, preferably by using an independent tool, the
conversion error of a process rather than its confidence. In this paper, we implemented
a strategy to estimate the quality of sCT in terms of MAE without the need for the cor-
responding GT and independent of the translation model. The method is based on deep
learning algorithms that were trained and tested on two patient cohorts including MR- and
CBCT-based sCT images.

2. Materials and Methods
2.1. Dataset

Two datasets of head and neck cancer patients, previously described in Thummerer
et al. [17,18], were used in this study. All patients were treated with intensity-modulated
proton therapy at the University Medical Center Groningen, The Netherlands. The first set
included 33 patients scanned both with CBCT and CT. The second set included 27 patients
with MR and corresponding CT images. All CBCT/CT and MR/CT pairs were carefully
aligned using deformable image registration to match the anatomy. For each patient of
both datasets, an sCT was generated by using a basic version of the algorithm described
in Spadea et al. [19]. The original Spadea et al. method, relying on an encoder/decoder
architecture to execute 2D-based image translation, takes advantage of a multi-plane
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approach, in which volumes obtained along axial, sagittal, and coronal directions are
voted to generate the final image. In this work, only the synthetic CTs reconstructed by
stacking the translated 2D images along the craniocaudal axis were used. From now on,
the sCTs derived from CBCT will be referred to as sCTCBCT and the ones obtained from
MR as sCTMR.

2.2. General Pipeline

The proposed quality control approach is based on a 2D DL model architecture pipeline.
The main idea is to provide an axial sCT slice as the input to the DL scheme and to obtain
the predicted MAE for that image as the output (see Figure 1). To achieve this, the DL
model is trained on retrospective data where ground truth CT and the corresponding sCT
are available. Having GT images, the actual MAE can be computed slice-by-slice according
to equation 1. During the training, the pipeline receives the sCT slice (input) and the actual
MAE (output to predict). Afterwards, during deployment, the trained models only receive
the sCT slices and predict an MAE scalar for the synthetic 2D image.

Figure 1. Representation of the general MAE prediction pipeline. An axial sCT slice is given as input,
and the associated MAE scalar for the image slice is predicted by using a DL pipeline.

More specifically, as depicted in Figure 2, the workflow consists of a cascade of 2 series
of DL models, used in a sequential way to handle the complexity of the MAE prediction
task. The rationale is to first execute a raw prediction of the MAE interval (classification),
followed by a more precise estimation of the MAE value (regression). This approach was
inspired by a similar and successful strategy to predict segmentation accuracy in multi-
atlas-based segmentation [20]. This strategy allows the initial problem to be split into two
subproblems, both of which are easier to solve than the first one.

Figure 2. A more detailed graphical representation of the MAE prediction pipeline. The final MAE
prediction is obtained as a result of two DL steps: First a raw MAE interval classification is performed,
followed by a more precise MAE estimation based on a regression algorithm.

2.3. Output Visualization

The output of a single prediction is a scalar value representing the estimated MAE
for the entire given axial slice. In envisioning a clinical use, it is fundamental to visualize
the predicted conversion error slice-by-slice and overlaid on the sCT. To achieve this, a
volume (named “Predicted MAE volume”, pMAEvolume), having the same shape as the
corresponding sCT, is generated. During the sCT evaluation step, the predicted MAE of the
i-th axial slice is assigned to the i-th axial slice of pMAEvolume, which will be visualized by
taking advantage of a dedicated color map. Figure 3 shows an example of an sCT overlaid
to its pMAEvolume.
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Figure 3. Exemplary sCTCBCT overlaid with its pMAEvolume. In addition to the 2D views (axial,
sagittal, and coronal planes), the 3D representation is also shown.

2.4. Pipeline Details

As already reported, the first step for MAE estimation is a raw classification of the
conversion error. More specifically, 4 classes are used in the proposed pipeline (low, low-
medium, medium-high, and high MAE). In order to define the MAE range for each interval,
the actual MAE distribution of the entire dataset is computed. Then, the first class of
the prediction is associated with an MAE ranging from 0 to the 1st quartile of the total
distribution, the second class from the 1st to the 2nd quartile, the third class from the
2nd to the 3rd quartile, and finally the fourth class from the 3rd percentile to the highest
MAE values (in order to deal with an open interval, this last bin was saturated to an upper
bound HU value). This allows for the balancing of the number of examples per class.
The same values are also used as an initialization to define the MAE boundaries for the
regression step (the second one of the pipeline), where a separate model is trained for
each of the four MAE classes. More specifically, each of the four regression models is
trained by showing only the slices having an MAE value included in the same range of the
connected classification class. However, in order to take into account possible mistakes in
the classification step, the boundaries of the regression models are relaxed by also including
cases with GT MAE slightly lower/higher than the quartiles (±5 HU). Table 1 reports the
computed bin ranges, both for the classification and regression steps. In total, 5 models
have to be trained (1 for classification and 4 for regression), but, in the inference mode, each
sCT slice will be processed just by 2 of them (classification followed by the class-specific
regression). For the sake of clarity, the entire prediction pipeline is shown in Figure 4.
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Figure 4. Detailed workflow of MAE prediction. A single sCT axial slice is fed firstly into a DL model
that classifies it as belonging to a specific MAE class. According to this prediction, the 2D image
is then provided as input to a connected DL regression model, specifically trained to operate on a
restricted range of MAE values. As a result, the MAE of a single sCT slice can be forecasted. In order
to train the different models with a GT MAE, the ground truth CT is needed (dashed lines are needed
only to train the models).

2.5. DL Architecture and Training

The DL architecture to be used in this work was chosen after testing several models,
both from VGG [21] and ResNet [22] families. Our tests revealed that VGG-16 provides
the best prediction accuracies, so it was used as the baseline architecture for all the models.
VGG (Visual Geometry Group) is a family of high-performance convolutional neural
networks developed for classification and regression tasks. Even though it was created
for general-purpose computer vision applications, it has also been widely used in the
biomedical environment. The backbone of VGG-16 includes 13 convolutional layers (that
serve as feature extraction engines), followed by 3 fully connected layers (that are used
to obtain the output label starting from the computed feature map). The loss functions to
optimize for classification and regression are, respectively, cross entropy and mean squared
error. The best epoch for the classification task is not chosen on the basis of the cross
entropy value but by considering the accuracy weighted according to the misclassification
magnitude. In practical terms, this means that a classification error of 1 class is preferred
over 2 and 3 classes of misclassification. This choice is made to let the regression step,
trained on slightly larger MAE boundaries than the connected classification bin, recover the
potential classification error. The entire workflow is written in Python by taking advantage
of PyTorch library [23]. The learning rate is set to 5 × 10−5, and L1 and L2 regularizations
are included (both weights equal to 4 × 10−4). The image augmentation scheme includes
mirroring and translations, as defined by Spadea et al [19]. The dataset is split into 75%
training, 10% validation, and 15% testing. K-fold cross-validation is used to evaluate the
model generalization performance on the entire dataset.
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2.6. Experiments

To assess the learning generalization capability of the approach toward different image
modalities, 3 pipelines are implemented:

1. Models trained only with sCTCBCT as input (named PipelineCBCT),
2. Models trained only with sCTMR as input (PipelineMR),
3. Models trained with both sCTCBCT and sCTMR as input (PipelineMIXED).

Once all the models of each pipeline are trained, multiple testing schemes are run to
evaluate the prediction performance. In particular, the following experiments are executed:

• PipelineCBCT is used to predict the MAE only for sCTCBCT data
• PipelineMR is used to predict the MAE only for sCTMR data
• PipelineMIXED is used to predict the MAE only for sCTCBCT data
• PipelineMIXED is used to predict the MAE only for sCTMR data

Table 1 shows the MAE binning used to train both classification and regression models
in each pipeline.

Table 1. MAE ranges for classification and regression, both for MR, CBCT, and MIXED pipelines.

Pipeline Low MAE Medium-Low MAE Medium-High MAE High MAE

MR

0–47
(classification)

47–54
(classification)

54–68
(classification)

68–100
(classification)

0–52
(regression)

42–59
(regression)

49–73
(regression)

63–100
(regression)

CBCT

0–27
(classification)

27–32
(classification)

32–42
(classification)

42–70
(classification)

0–32
(regression)

22–37
(regression)

27–47
(regression)

37–70
(regression)

MIXED

0–32
(classification)

32–44
(classification)

44–56
(classification)

56–90
(classification)

0–37
(regression)

27–49
(regression)

39–61
(regression)

51–90
(regression)

2.7. Prediction Pipeline Evaluation

The accuracy of the prediction workflow is quantified in terms of signed and unsigned
deviation from the GT MAE. More specifically, both the Prediction Deviation (PD) and the
Absolute Prediction Deviation (APD) are computed for each slice as defined in Equations (2)
and (3):

PD = MAEGT − MAEpredicted (2)

Signed predicted deviation between GT and inferred MAE.

APD =
∣∣∣MAEGT − MAEpredicted

∣∣∣ (3)

Absolute predicted deviation between GT and inferred MAE.

Both MAEGT and MAEpredicted are saturated to the upper bound values reported in
Table 1.

3. Results

Figures 5 and 6 show, for each DL pipeline, the PD and APD distributions computed
over all the 2D slices of all the patients.
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Figure 5. PD distributions for modality-specific and mixed pipelines. Results for sCTCBCT and sCTMR

are reported, respectively, in the left and in the right panel.

Figure 6. APD distributions for modality-specific and mixed pipelines. Results for sCTCBCT and
sCTMR are reported, respectively, in the left and in the right panel.

Tables containing the median, the 5th, the 25th, the 75th, and the 95th percentiles of
both PD and APD are reported in Appendix A. To assess whether a statistical difference ex-
ists between the predictions obtained by using the mixed-trained workflow (PipelineMIXED)
versus the specific modality pipeline (PipelineCBCT and PipelineMR), the Wilcoxon rank-
sum test is run over all the pairs of MAE predictions obtained for all the patients fed into
the different pipelines. These tests reveal that both single-modality options performed
significantly better than the mixed solution (p-values < 0.01). Figure 3 shows an example of
the overlay of the sCT and its pMAEvolume. As can be seen, for slices depicting small and
movable anatomical structures (e.g., nasal cavities), higher MAE values are predicted. This
behavior was expected and desirable, confirming the effectiveness of the proposed strategy.

Despite the necessity for a more extended training phase to enable the training of
5 different models, the inference step is completed in a few seconds. As a result, the
required time to evaluate an sCT is totally compatible with a clinical scenario and will not
slow down the radiotherapy planning workflow.
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4. Discussion

In this work, we introduce a new method to predict the accuracy of sCT generation
when the GT is not available (i.e. use of sCT in a clinical setting). The technique is based on
using a DL model that is independent from any other model used to generate the sCT.

Being the first implemented workflow for the autonomous MAE prediction of DL-
based sCT, there are no closely related studies to compare it with. The most similar articles
in the literature are those that generate uncertainty maps alongside sCT [14–16]. The idea
behind such works is to have a distribution of values for each voxel rather than a single
intensity (by using Bayesian neural networks or by executing multiple inferences with
active dropout layers). The averages of the obtained distributions represent the final sCT,
while the variabilities are informative about the uncertainty of the prediction (with the
uncertainty map correlating with the GT intensity and dose errors). However, in this regard,
it is fundamental to underline the conceptual difference existing between our proposed
workflow (conversion error estimation) and the uncertainty prediction proposed by others,
since being confident about something does not necessarily mean being accurate. The
main concern about these strategies is the possibility that the conversion model provides,
with high assurance, a synthetic image that is actually wrong. Because of this, the main
pillars of the proposed workflow are the separation between the image translation step
and its quality control, and the prediction of the actual error rather than the confidence.
Predicting the conversion error of sCT, in fact, is of paramount importance in contexts such
as radiotherapy, where wrong HU assignments lead to wrong dose estimation to the target
and organs at risk. Specifically, for the clinical introduction of MR-guided radio and proton
therapy [24], an autonomous and independent quality control tool (an information with an
additional level of redundancy and with a rationale totally different from the uncertainty
assessment produced by the conversion algorithm itself) would be required to ensure
reliable clinical decision-making based on deep-learning generated medical image data. We
would like to highlight that the aim of the proposed tool is to intercept conversion errors
that are not expected and not detectable by the human operator. Clinicians, in fact, well
know the anatomical regions that can be more likely affected by translation error and are
able to identify evident anomalous conversions, so our intention is to catch unforeseeable
failures. The findings of our experiments show that it is possible to predict the accuracy of
sCT in terms of MAE, with small deviations between inferred and GT MAE values. In fact,
considering the HU range, an absolute prediction deviation of 4 ± 3HU (for CBCT-derived
sCT) and 6± 3.5HU (for MR-derived sCT) has no impact on the dose estimation, even in the
case of proton therapy, known to be extremely sensitive to HU variations. Signed prediction
deviations demonstrate the absence of systematic errors. Results are also consistent with
real-case expectations. Referring to Figure 3, worse conversion error is predicted for axial
slices included between the nasal cavities and the mandibular bone. This result is very
common in sCT generation, since the image quality in this anatomical area is deteriorated
by the presence of dental fillings and motion artifacts. In a typical clinical setting, the
user would receive a warning on which part of the sCT is reliable and which is not. In
light of the magnitude of the predicted error and its spatial localization with respect to
the tumor and the tissues to be spared, clinicians may elect to exclude the use of the sCT.
The comparison between models trained by using single-modality versus mixed-modality
dataset reveals that better results are obtained with single-modality training. The mixed
setup was implemented to test the capability of the workflow to be agnostic to the initial
image modality. The entire workflow is based on the VGG-16 model, which has been
demonstrated to be the most effective architecture for predicting the MAE in our tests. In
addition to its high predictive accuracy, this model requires fewer computational resources
than deeper networks, allowing for fast sCT evaluation even in the absence of dedicated
high-end GPUs, which is a crucial advantage in a real clinical setting.

Regarding the potential error propagation between the classification and regression
steps, the proposed workflow is also robust to this possibility. In fact, as can be deduced
from the results (Figures 5 and 6), the prediction deviations are much smaller than the
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differences that would be generated if the raw MAE bin was misclassified and if this error
was not recovered in the regression phase.

The proposed approach could be further improved by replacing the global axial MAE
scalars currently predicted as quality control metrics with a more informative index from
a clinical point of view. Such an index could, for example, include dosimetric and/or
voxel-level prediction. In the future, it would be interesting to evaluate the proposed
workflow on images collected in different institutions and converted by using different
translation strategies (including cycle-GAN architectures, to get rid of the error introduced
by the image registration step). We envision pursuing work in that direction, executing
more complex and more computationally demanding experiments. The proposed idea, in
addition to enabling a real-time synthetic image evaluation in the clinic, can be also used to
implement synthetic image generation algorithms, when CT-MRI or CT-CBCT paired data
are not available. The pipeline described here, in fact, can directly replace the computation
of the MAE-based loss when the ground truth CT is not available.

5. Conclusions

In conclusion, we demonstrated that an independent prediction of the performance
of an algorithm for sCT generation is possible and, most importantly, we hope to start a
debate about usable strategies in real clinical environments for assessing the quality of
synthetic medical images.
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Appendix A

Tables A1 and A2 show, for each DL pipeline, the median and the percentiles of PD
and APD distributions computed over all the 2D slices of all the patients.

Table A1. Statistics about the PD for each conducted experiment.

Prediction Deviation (PD)

Experiment 5th Percentile
[HU]

25th Percentile
[HU]

Median
[HU]

75th Percentile
[HU]

95th Percentile
[HU]

PipelineCBCT predicting on sCTCBCT −10 −4 0 5 20
PipelineMR predicting on sCTMR −12 −4 1 7 16

PipelineMIXED predicting on sCTCBCT −23 −6 −1 4 21
PipelineMIXED predicting on sCTMR −11 −3 4 15 32
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Table A2. Statistics about the APD for each conducted experiment.

Absolute Prediction Deviation (APD)

Experiment 5th Percentile
[HU]

25th Percentile
[HU]

Median
[HU]

75th Percentile
[HU]

95th Percentile
[HU]

PipelineCBCT predicting on sCTCBCT 0 2 4 8 21
PipelineMR predicting on sCTMR 1 3 6 10 17

PipelineMIXED predicting on sCTCBCT 0 3 5 11 29
PipelineMIXED predicting on sCTMR 1 4 8 16 32
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Chapter 11
ModalityConverter: Medical

Image-to-Image Translation in 3D
Slicer

11.1 Motivation and significance

This chapter presents ModalityConverter, an open-source 3D Slicer [107] extension that, for
the first time within the 3D Slicer ecosystem, provided free and open access to pre-trained
Artificial Intelligence (AI) models for medical Image-to-Image (I2I) translation and synthetic
images assessment. The extension constitutes a direct translational outcome of the research
activities developed throughout this doctoral thesis.

Indeed, within this thesis, two Federated Learning (FL) frameworks have been de-
veloped to enable privacy-preserving and decentralised training of Synthetic Computed
Tomography (sCT) generation models, addressing both brain T1w MRI-to-CT and head
and neck CBCT-to-CT translation tasks. These contributions, described in Chapter 4 and
Chapter 5, demonstrated how FL enables collaborative multi-institutional model training
while preserving data privacy, regulatory compliance, and robust model generalisation.

However, beyond algorithmic innovation and methodological validation, a fundamental
challenge in research remains the effective translation of scientific advances into tools that
are accessible, reproducible, and usable by the broader research and clinical communities.
Therefore, by embedding the pre-trained FedSynthCT models within 3D Slicer, the research
contributions of this thesis are transformed into practical and reusable tools that can be
accessed by researchers without requiring specialised machine learning infrastructure or
advanced technical expertise.

In addition to the FedSynthCT models, the extension also integrates an I2I translation
model for synthetic PET (sPET) generation from lung CT, developed by Salehjahromi et
al. [77] and lately integrated in collaboration with the authors of the original study. Although
this model was not trained using the FL paradigm, its inclusion is motivated by a coherent

167



168 Chapter 11. ModalityConverter: Medical Image-to-Image Translation in 3D Slicer

scientific vision: the creation of a unified, open, and accessible ecosystem for medical I2I
within 3D Slicer.

In its current version (v. 1.4.6), the ModalityConverter extension comprises two comple-
mentary modules: (i) the Modality Converter module for image-to-image translation, and
(ii) the Synthetic Image Quality Assurance module for the evaluation of synthetic image
reliability. This dual-module structure extends the original translational objective of the
thesis beyond model deployment, enabling integrated generation and quality assessment of
synthetic medical images within a unified research environment.

Overall, this chapter positions the ModalityConverter extension not as a standalone
software artifact, but as the translational interface of the thesis: a concrete and operational
bridge between centralised and decentralised models, deployment, quality assessment of
synthetic outputs and real-world research usability, supporting the full lifecycle of synthetic
medical image applications.

11.2 Software architecture and module
ecosystem

11.2.1 ModalityConverter module

The ModalityConverter module integrates multiple Deep Learning (DL) models within a
unified and user-friendly interface in the 3D Slicer environment. It provides GPU-accelerated
inference to enable efficient processing of high-dimensional medical imaging data and is
explicitly designed to support the integration of additional custom models, ensuring extensi-
bility and long-term sustainability. The extension follows the standard “Scripted Loadable
Module” architectural pattern adopted by 3D Slicer. Its structure is based on a clear sep-
aration of responsibilities between graphical interaction, computational logic, and model
management.

In detail, the key architectural components of the ModalityConverter module are:

◦ ModalityConverterWidget

This class manages the graphical user interface and user interactions. It provides input
and output selectors, model selection menus, parameter configuration panels, and
progress and status indicators, fully integrated within the 3D Slicer environment.
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◦ ModalityConverterLogic

This class encapsulates the computational workflow of the extension. It is responsible
for parsing the selected model identifier, loading the corresponding pre-trained model
parameters, executing the inference pipeline on the selected input image, and writing
the generated output to the target volume, which is subsequently visualised in the 3D
Slicer multi-panel view.

◦ ModalityConverterLib

This library includes a collection of Python modules that implement the core functional
infrastructure of the extension. In particular, an abstract BaseModel class and a
@register_model Python decorator are defined to formalise and abstract the
internal model logic. All specific model implementations inherit from this base
class and are required to implement the methods loadModelFromPath() and
runInference(), thereby enforcing a consistent interface across heterogeneous
model architectures.

Moreover, a JavaScript Object Notation (JSON) metadata file is used to define the avail-
able models, including unique identifiers, download URLs, display names, and descriptive
information. This modular design ensures that the integration of new models is achieved
through the creation of a dedicated subclass of BaseModel and the corresponding metadata
entry, following a documented and reproducible convention.

Figure 11.1 provides a visual representation of the graphical user interface, highlighting
the main functional areas for input selection, model configuration, and inference execution
within the ModalityConverter module. The interface guides the user through all essential
steps of the translation pipeline, from data selection to model execution.

The typical usage workflow of the module is structured as follows:

1. Input selection: the user selects an existing volume in the 3D Slicer scene as the input
image. A button has been provided to give the user quick and direct access to the
3D Slicer “Download Sample Data” module, which allows users to download sample
medical images such as MRI, CT, and CBCT scans of different anatomical areas.
For specific models, an optional binary mask can be provided in order to restrict the
translation process to a defined region of interest.

2. Model selection: a drop-down menu lists all available pre-trained models. Select-
ing a model displays detailed descriptive information, including modality mapping,
anatomical scope, and bibliographic references, as defined in the associated metadata.
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Figure 11.1: Graphical user interface of the ModalityConverter module.

3. Preview volumes: the “Preview volumes” option enables real-time visualisation of
intermediate volumes generated throughout the inference pipeline, including prepro-
cessed inputs and automatically generated masks, within the 3D Slicer scene.

4. Output and device configuration: the user specifies the output volume in which
the synthetic image will be stored. Within the advanced configuration options, the
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computational device can be selected, allowing execution either on the CPU or on a
CUDA-compatible GPU.

5. Inference execution: the inference process can be started by the “Run” button.
Informative status messages and progress indicators provide feedback during execution.
Upon completion, the generated synthetic image is automatically visualised in the 3D
Slicer scene.

By adhering to established 3D Slicer development conventions, leveraging object-
oriented programming paradigm, and standard Python-based DL frameworks, the module
ensures reproducible and well-documented behaviour. Model-specific parameters, inference
pipelines, and transformations remain consistent with their original training configurations,
while detailed execution feedback supports debugging, validation, and auditing in research
workflows.

11.2.2 Synthetic Image Quality Assurance module

Beyond synthetic image generation, reliable deployment of I2I translation models in research
and clinical environments requires more objective and reproducible quality assessment
mechanisms [55]. While traditional validation is typically performed offline using paired
reference data and global quantitative metrics, real-world deployment scenarios lack access
to ground-truth images. Consequently, integrated quality estimation becomes a critical
component for responsible use of synthetic medical images.

To address this need, the ModalityConverter extension includes a dedicated module,
named Synthetic Image Quality Assurance (SIQA). This module maintains the same archi-
tectural principles adopted in the ModalityConverter module, presented in Section 11.2.1.

The same modular structure (Widget, Logic, and Library components) is employed,
ensuring consistency, maintainability, and extensibility. Thus, the primary distinction lies not
in the infrastructure, but in the nature of the integrated models. While the ModalityConverter
module makes available pre-trained I2I translation DL models that generate synthetic vol-
umes, the SIQA module integrates DL models designed to evaluate the quality and reliability
of synthetic outputs. Instead of producing a new modality, these models generate quantitative
indicators or spatially resolved error estimations that support interpretation and validation of
synthetic images.

As the first implementation within the SIQA module, the author of the original study [55]
integrated a DL model for slice-wise Mean Absolute Error (MAE) prediction of the sCT
volumes, to which the author of this thesis also contributed. The methodological details and
a detailed description of the output for this model were described in Chapter 10.

Integrating this quality assessment model within the same deployment framework as the
generative models enables a closed-loop workflow. For instance, sCT generation through
FedSynthCT models can be immediately followed by local quality estimation within the
same environment.
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11.2.3 Custom model integration

To demonstrate the practical usability and extensibility of the extension, a complete example
of custom model integration is reported. This example illustrates how a pre-trained model
can be incorporated into ModalityConverter following the modular design principles de-
scribed in the previous sections, without requiring modifications to the core architecture of
the extension. This example can be replicated in the context of the SIQA module.

The integration workflow is structured around three fundamental components: (i) the
implementation of a dedicated model class, (ii) the registration of the model through metadata,
and (iii) the dynamic loading of the pre-trained model file. This design enforces a strict
separation between model-specific logic and the general inference infrastructure, ensuring
maintainability, reproducibility, and long-term extensibility.

Model class implementation

A new Python class is created within the ModalityConverterLib/ModelsImpl/ directory
and inherits from the abstract BaseModel class, reported in Listing 11.1. The model is
registered through the @register_model decorator (see Listing 11.1), which associates
a unique identifier to the implementation and enables automatic discovery by the framework.

1 from abc i m p o r t ABC, a b s t r a c t m e t h o d
2 i m p o r t os
3 i m p o r t s l i c e r
4 from s l i c e r i m p o r t vtkMRMLScalarVolumeNode
5 from M o d a l i t y C o n v e r t e r L i b . UI . u t i l s i m p o r t PRINT_MODULE_SUFFIX
6
7 # Gl ob a l r e g i s t r y f o r model c l a s s e s
8 MODEL_REGISTRY = {}
9

10 d e f r e g i s t e r _ m o d e l ( key ) :
11 " " " D e c o r a t o r t o r e g i s t e r a model c l a s s wi th a s p e c i f i c key i n t h e

m e t a d a t a . j s o n . " " "
12 d e f d e c o r a t o r ( c l s ) :
13 p r i n t ( f " {PRINT_MODULE_SUFFIX} R e g i s t e r i n g model ’{ key } ’ wi th

c l a s s { c l s . __name__ } " )
14 MODEL_REGISTRY[ key ] = c l s
15 r e t u r n c l s
16 r e t u r n d e c o r a t o r
17
18 " " " Base c l a s s f o r a l l models i n t h e M o d a l i t y C o n v e r t e r l i b r a r y . " " "
19 c l a s s BaseModel (ABC) :
20 d e f _ _ i n i t _ _ ( s e l f , modelKey : s t r , d e v i c e : s t r = " cpu " ) :
21 s e l f . modelKey = modelKey
22 s e l f . model = None
23 s e l f . baseMode l sDi r = os . p a t h . j o i n ( os . p a t h . d i rname ( _ _ f i l e _ _ ) , ’ . . /

R e s o u r c e s / Models ’ )
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24 s e l f . mode l sDi r = os . p a t h . a b s p a t h ( s e l f . baseMode l sDi r )
25 s e l f . d e v i c e = d e v i c e . lower ( )
26
27 d e f loadModel ( s e l f ) :
28 i m p o r t j s o n
29 i m p o r t r e q u e s t s
30 from u r l l i b . p a r s e i m p o r t u r l p a r s e
31
32 mode lMetada t aPa th = os . p a t h . j o i n ( s e l f . modelsDir , " m e t a d a t a . j s o n " )
33
34 # Ensure t h e models d i r e c t o r y e x i s t s
35 i f n o t os . p a t h . e x i s t s ( s e l f . mode l sDi r ) :
36 os . m a k e d i r s ( s e l f . mode l sDi r )
37
38 # S ea rc h t h e key f i l e by u n iq ue key
39 f o r f i l e i n os . l i s t d i r ( s e l f . mode l sDi r ) :
40 i f f i l e . s t a r t s w i t h ( s e l f . modelKey ) :
41 s e l f . modelPa th = os . p a t h . j o i n ( s e l f . modelsDir , f i l e )
42 b r e a k
43 e l s e :
44 s e l f . modelPa th = None # No f i l e s found wi th t h e s p e c i f i e d

key
45
46 # Download model i f n o t p r e s e n t l o c a l l y
47 i f s e l f . modelPa th i s None or n o t os . p a t h . e x i s t s ( s e l f . modelPa th ) :
48 # Load model m e t a d a t a
49 i f n o t os . p a t h . e x i s t s ( mode lMetada t aPa th ) :
50 r a i s e F i l e N o t F o u n d E r r o r ( f " Model m e t a d a t a f i l e n o t found

a t { mode lMetada t aPa th } " )
51
52 wi th open ( mode lMetada taPa th , " r " ) a s f :
53 modelMetada ta = j s o n . l o a d ( f )
54
55 i f s e l f . modelKey n o t i n modelMetada ta :
56 r a i s e V a l u e E r r o r ( f " Model key ’{ s e l f . modelKey } ’ n o t found

i n m e t a d a t a f i l e . " )
57
58 p r i n t ( f " {PRINT_MODULE_SUFFIX} Model ’{ s e l f . modelKey } ’ n o t

found l o c a l l y . Downloading . . . " )
59 s l i c e r . app . p r o c e s s E v e n t s ( )
60 u r l = modelMetada ta [ s e l f . modelKey ] [ " u r l " ]
61
62 _ , e x t = os . p a t h . s p l i t e x t ( u r l p a r s e ( u r l ) . p a t h )
63
64 # Use t h e m e t a d a t a key as a f i l e n a m e , k e e p i n g t h e o r i g i n a l

e x t e n s i o n
65 s e l f . modelPa th = os . p a t h . j o i n ( s e l f . modelsDir , s e l f . modelKey +

e x t )
66
67 r e s p o n s e = r e q u e s t s . g e t ( u r l , s t r e a m =True )
68 r e s p o n s e . r a i s e _ f o r _ s t a t u s ( )
69
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70 wi th open ( s e l f . modelPath , "wb" ) a s m o d e l F i l e :
71 f o r chunk i n r e s p o n s e . i t e r _ c o n t e n t ( c h u n k _ s i z e =8192) :
72 m o d e l F i l e . w r i t e ( chunk )
73
74 # Load t h e model w i th custom s u b c l a s s e s method
75 s e l f . model = s e l f . _ loadModelFromPath ( s e l f . modelPa th )
76
77 @abs t r ac tme thod
78 d e f _loadModelFromPath ( s e l f , modelPa th : s t r ) :
79 " " " Load t h e model from t h e g i v e n p a t h . Wi l l be c a l l e d i n t h e

l o a d _ d a t a method . To be implemented i n s u b c l a s s e s f o r l o a d i n g
c u s t o m i z a t i o n . " " "

80 p a s s
81
82 @abs t r ac tme thod
83 d e f r u n I n f e r e n c e ( s e l f , inputVolume : vtkMRMLScalarVolumeNode ,

outputVolume : vtkMRMLScalarVolumeNode , inputMask :
vtkMRMLScalarVolumeNode=None , s h o w A l l F i l e s : boo l =True ) :

84 p a s s

Listing 11.1: The BaseModel class implementation.

An example of a minimal model implementation is reported in Listing 11.2. After
registering the model with a unique key, the user implements the model loading logic within
the _loadModelFromPath method. This loading procedure may vary depending on the
underlying framework used to train the model; a common and interoperable choice is the
adoption of standardised model distribution formats such as Open Neural Network Exchange
(ONNX).

Subsequently, the user develops the model inference logic within the runInference
method, which by design provides all the core elements required for the conversion process,
including the input image, the output node for result storage, and the optional region-of-
interest mask, as defined by the user through the graphical interface. This method therefore
encapsulates the complete processing pipeline, where preprocessing, forward inference, and
output visualisation logic are explicitly defined.

1 from M o d a l i t y C o n v e r t e r L i b . ModelBase i m p o r t BaseModel , r e g i s t e r _ m o d e l
2
3 @ r e g i s t e r _ m o d e l ( " example_model_key " )
4 c l a s s ExampleModel ( BaseModel ) :
5 d e f _ _ i n i t _ _ ( s e l f , modelKey : s t r , d e v i c e : s t r = " cpu " ) :
6 s u p e r ( ) . _ _ i n i t _ _ ( modelKey , d e v i c e )
7
8 d e f _loadModelFromPath ( s e l f , modelPa th ) :
9 # Load t h e pre − t r a i n e d model ( e . g . t o r c h , onnxrun t ime , e t c . )

10 model = . . .
11 r e t u r n model
12
13 d e f r u n I n f e r e n c e ( s e l f , inputVolume , outputVolume ,
14 inputMask =None , s h o w A l l F i l e s =True ) :
15 # Custom p r e p r o c e s s i n g l o g i c
16 # . . .
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17
18 # Custom i n f e r e n c e l o g i c
19 # . . .
20
21 # Show o u t p u t i n S l i c e r s c e n e
22 # . . .

Listing 11.2: Example of custom model class implementation.

This design enforces a standardised interface across heterogeneous model architectures,
allowing different DL frameworks and model formats to coexist within the same execution
environment.

Metadata-driven model registration

Model availability and configuration are defined through a JSON metadata file. Each model is
described by a unique identifier, a download URL for the pre-trained weights, a display name,
and a structured description including input modality, preprocessing steps, output modality,
and citation information. An example metadata entry is reported in Listing 11.3. Notably,
the model key corresponds to the one reported in the @register_model decorator (see
Listing 11.2).

1 " example_model_key " : {
2 " u r l " : " h t t p s : / / example . com / example_model . onnx " ,
3 " d i s p l a y _ n a m e " : " Example Model " ,
4 " d e s c r i p t i o n " : " Example model f o r image − to −image t r a n s l a t i o n . " ,
5 " module_name " : " ExampleModel " ,
6 " m a s k _ r e q u i r e d " : f a l s e
7 }

Listing 11.3: Example of model metadata registration.

This metadata-driven approach enables automatic population of the graphical interface
and dynamic linking between the user interface and the corresponding backend implementa-
tion, without requiring manual modification of the GUI code.

11.2.3.1 Dynamic loading and execution

When a model is selected through the graphical interface, the extension automatically
resolves the corresponding metadata entry, loads the model class into memory using the
associated implementation class, and downloads the pre-trained model file if it is not already
present locally. The inference pipeline of the selected model is subsequently executed,
generating synthetic volumes that are directly instantiated within the 3D Slicer scene. This
functionality is encapsulated within the ModalityConverterLogic class, as reported
in Listing 11.4.

1 c l a s s M o d a l i t y C o n v e r t e r L o g i c ( S c r i p t e d L o a d a b l e M o d u l e L o g i c ) :
2 d e f _ _ i n i t _ _ ( s e l f ) −> None :
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3 " " " C a l l e d when t h e l o g i c c l a s s i s i n s t a n t i a t e d . Can be used f o r
i n i t i a l i z i n g member v a r i a b l e s . " " "

4 S c r i p t e d L o a d a b l e M o d u l e L o g i c . _ _ i n i t _ _ ( s e l f )
5 s e l f . model = None
6
7 d e f g e t P a r a m e t e r N o d e ( s e l f ) :
8 r e t u r n M o d a l i t y C o n v e r t e r P a r a m e t e r N o d e ( s u p e r ( ) . g e t P a r a m e t e r N o d e ( ) )
9

10 d e f g e t M o d e l I n s t a n c e ( s e l f , selectedModelModuleName , se lec tedMode lKey ,
basePackage =" M o d a l i t y C o n v e r t e r L i b . ModelsImpl " , d e v i c e =" cpu " ) :

11 " " "
12 Dynamica l ly l o a d s and r e t u r n s an i n s t a n c e o f a model c l a s s based

on t h e p r o v i d e d module name and model key .
13
14 P a r a m e t e r s :
15 − selectedModelModuleName ( s t r ) : The name of t h e module

c o n t a i n i n g t h e model c l a s s .
16 − se l ec t edMode lKey ( s t r ) : The key i d e n t i f y i n g t h e model i n t h e

model r e g i s t r y .
17 − basePackage ( s t r ) : The base package p a t h where t h e model

modules a r e l o c a t e d . D e f a u l t s t o " M o d a l i t y C o n v e r t e r L i b . ModelsImpl " .
18
19 R e t u r n s :
20 − o b j e c t : An i n s t a n c e o f t h e model c l a s s c o r r e s p o n d i n g t o t h e

p r o v i d e d key .
21
22 R a i s e s :
23 − I m p o r t E r r o r : I f t h e s p e c i f i e d module c a n n o t be i m p o r t e d .
24 − V a l u e E r r o r : I f t h e model key i s n o t found i n t h e model r e g i s t r y

.
25 " " "
26
27 i m p o r t i m p o r t l i b
28 from M o d a l i t y C o n v e r t e r L i b . ModelBase i m p o r t MODEL_REGISTRY
29
30 # I m p o r t i n g t h e model module d y n a m i c a l l y w i l l t r i g g e r t h e

r e g i s t r a t i o n o f t h e model c l a s s i n t h e model r e g i s t r y
31 f u l l M o d u l e P a t h = f " { basePackage } . { selectedModelModuleName } "
32 t r y :
33 l o g g i n g . i n f o ( f " A t t e m p t i n g t o i m p o r t module : { f u l l M o d u l e P a t h } "

)
34 i m p o r t l i b . impor t_module ( f u l l M o d u l e P a t h )
35 e x c e p t I m p o r t E r r o r a s e :
36 r a i s e I m p o r t E r r o r ( f " Could n o t i m p o r t module ’{ f u l l M o d u l e P a t h

} ’ f o r model ’{ se l ec t edMode lKey } ’ : { s t r ( e ) } " )
37
38 i f s e l ec t edMode lKey n o t i n MODEL_REGISTRY:
39 r a i s e V a l u e E r r o r ( f " Model key ’{ se l ec t edMode lKey } ’ n o t found

i n t h e model r e g i s t r y . P l e a s e check t h e m e t a d a t a . j s o n f i l e and e n s u r e
t h e key i s c o r r e c t l y d e f i n e d . " )

40
41 m o d e l _ c l a s s = MODEL_REGISTRY[ se l ec t edMode lKey ]
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42
43 r e t u r n m o d e l _ c l a s s ( se lec tedMode lKey , d e v i c e )
44
45 d e f p r o c e s s ( s e l f ,
46 inputVolume : vtkMRMLScalarVolumeNode ,
47 outputVolume : vtkMRMLScalarVolumeNode ,
48 maskVolume : vtkMRMLScalarVolumeNode ,
49 se l ec t edMode lKey : s t r = " " ,
50 selectedModelModuleName : s t r = None ,
51 s h o w A l l F i l e s : boo l = True ,
52 d e v i c e : s t r = " cpu " ) −> None :
53
54 i f n o t inputVolume or n o t outputVolume :
55 r a i s e V a l u e E r r o r ( " I n p u t o r o u t p u t volume i s i n v a l i d " )
56
57 m o d e l I n s t a n c e = s e l f . g e t M o d e l I n s t a n c e ( selectedModelModuleName ,

se lec tedMode lKey , d e v i c e = d e v i c e )
58 m o d e l I n s t a n c e . loadModel ( )
59
60 m o d e l I n s t a n c e . r u n I n f e r e n c e ( inputVolume =inputVolume , inputMask =

maskVolume , outputVolume =outputVolume , s h o w A l l F i l e s = s h o w A l l F i l e s )

Listing 11.4: ModalityConverter logic class. Upon running the inference, the process method
orchestrates the execution by invoking the backend implementation of the selected custom model,
leveraging the modular architecture of the extension.

This integration example demonstrates that the proposed framework supports a fully
modular and scalable model deployment strategy. New models can be incorporated through
localised additions of code and metadata, without affecting existing implementations or the
global software structure.

From a translational perspective, this design enables the rapid dissemination of research
models into a usable research tool, effectively bridging the gap between algorithmic develop-
ment and real-world usability.
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11.3 Illustrative example

To demonstrate the practical use of the ModalityConverter extension, an illustrative example
is presented. The MRHead volume used in this example is a T1w MRI, which is distributed
with 3D Slicer and can be downloaded via the “Download Sample Data” module. This
MRHead volume provides a useful test case as it was not included in the training data used
for the FedSynthCT-Brain models. Therefore, it enables a qualitative assessment of the
model’s ability to apply to previously unseen data, while also demonstrating a realistic usage
scenario of the ModalityConverter extension.

Figure 11.2 shows the input configuration within the 3D Slicer environment. The
MRHead volume was selected as the input volume, in combination with a user-defined
segmentation representing the region-of-interest (ROI) mask. The specified ROI constrained
the inference process, such that the sCT output was generated within the selected anatomical
region. In this particular instance, the ROI was confined to the brain, corresponding to the
anatomical region targeted by the FedSynthCT-Brain models.

Figure 11.2: Example input to the ModalityConverter extension in 3D Slicer. The MRHead volume and
a segmentation representing the region-of-interest mask are provided as inputs to the extension for
inference with a FedSynthCT-Brain model.

The resulting sCT volume produced by the FedSynthCT-Brain model is presented in
Figure 11.3. As demonstrated in Figure 1, the generated sCT was correctly constrained to the
ROI specified in the input selectors. Upon completion of the inference process, the output
volume was displayed in the 3D Slicer environment, including the corresponding process
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messages in the integrated terminal. Despite the MRHead dataset not being included in the
model training set, the generated sCT demonstrated anatomically coherent structures and
intensity patterns that were consistent with the anticipated CT appearance.

Figure 11.3: Example of MRHead conversion. The sCT output volume generated by the FedSynthCT-
Brain models is shown. The generated sCT is limited to the region of interest specified in the input
field.

Furthermore, a side-by-side comparison between the original MRHead input and the
corresponding sCT is provided in Figure 11.4. This qualitative comparison highlighted the
structural correspondence between modalities and illustrated the capability of the model to
preserve relevant anatomical features during cross-modality translation.

Finally, Figure 11.5 shows three-dimensional renderings of the original MRHead volume
and the generated sCT skull in 3D Slicer. Both renderings were automatically generated
using the Volume Rendering module in 3D Slicer. This visualisation further emphasises the
spatial consistency of the synthetic volume and ModalityConverter’s effective integration
into the standard 3D Slicer workflow.
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Figure 11.4: Comparison between theMRHead input volume and the corresponding sCT generated by
the FedSynthCT-Brain model.

Figure 11.5: Rendering of the MRHead volume and the skull from the generated sCT. Both were auto-
matically generated via the Volume Rendering 3D Slicer module.
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11.4 Conclusions

The ModalityConverter extension presented in this chapter represents the translational ap-
plication of the decentralised models developed throughout this research. While the core
scientific contributions of this thesis lie in the design and validation of FL frameworks,
privacy-preserving optimisation strategies, and decentralised infrastructures for healthcare,
the extension operationalises these methodological advances into an accessible and repro-
ducible research tool.

The creation of the extension and integration of FL-trained MRI-to-sCT and CBCT-
to-sCT models into the 3D Slicer environment represents a key contribution of the thesis,
marking the evolution of algorithmic research prototypes into deployable scientific instru-
ments. Furthermore, the integration of supplementary centralised I2I translation models,
such as CT-to-sPET, retains the conceptual integrity of the thesis, situating the federated
contributions within a broader and practically relevant research ecosystem. The extension,
in essence, functions as a unified deployment framework for heterogeneous medical im-
age translation models, thereby enabling comparative evaluation, modular expansion, and
community-driven development. In this sense, decentralised AI is not regarded as an isolated
methodological construct; rather, it is conceived as a foundational component of an open and
interoperable scientific infrastructure.

The evolution of the extension into a dual-module architecture, comprising both the
ModalityConverter module for image-to-image translation and the Synthetic Image Quality
Assurance module for quality assessment, strengthens its translational impact. By adopting
a unified abstraction layer, the infrastructure enables heterogeneous AI models–such as
centralised, federated, generative and evaluative–to coexist within a consistent and scalable
deployment strategy. Importantly, the inclusion of quality estimation models establishes a
closed-loop workflow in which synthetic image generation and reliability assessment are
seamlessly connected and accessible in a single extension. This design extends the concept
of decentralisation beyond collaborative training, deployment, accessibility, reproducibility,
and responsible evaluation.

Overall, the ModalityConverter ecosystem represents the culmination of the conceptual
trajectory outlined in this thesis: from decentralised data governance and federated optimi-
sation to decentralised scientific impact. By ensuring that federated models and associated
quality assessment tools become accessible research assets within a globally adopted imaging
platform, this work contributes not only to methodological innovation in healthcare AI, but
also to its sustainable and transparent integration into real-world research practice.
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Chapter 12
Discussion and Conclusion

This thesis investigated the application of decentralised learning strategies in healthcare, with
a particular focus on the use of Federated Learning (FL) for medical Image-to-Image (I2I)
translation and Synthetic Computed Tomography (sCT) generation. As outlined in Chapter 1,
the objective was not only to assess the feasibility of FL in clinically relevant tasks, but
also to address key barriers to its real-world adoption, including data heterogeneity, privacy
constraints, computational efficiency, and robustness.

Across Parts II–IV, the work followed a structured progression: from establishing
feasibility (Chapters 4–5), to addressing efficiency and reliability (Chapters 6–8), and finally
to tooling and translational outcomes (Chapters 9–11). Each of these phases builds upon
the previous one: the feasibility studies define the scope of application; the efficiency and
security analyses identify and address the practical barriers to deployment; and the tooling
contributions operationalise the methodological advances into accessible and reproducible
instruments. Taken together, these studies provide a comprehensive perspective on the
potential and the current limitations of federated approaches for medical image analysis.

The following sections summarise and discuss the main findings, focusing on their
broader implications, limitations and relevance to the field.

12.1 Enabling Federated Learning for sCT
Generation

A primary contribution of this thesis lies in demonstrating the feasibility of applying FL
for sCT synthesis, a domain that remained comparatively underexplored with respect to
FL-based classification, segmentation and cross-modality Magnetic Resonance Imaging
(MRI) translation at the time of writing. In particular, the studies on MRI-to-sCT (Chapter 4)
and Cone Beam Computed Tomography (CBCT)-to-sCT generation (Chapter 5) collectively
show that federated training can be successfully applied to complex prediction tasks across
multiple institutions, within realistic cross-silo settings.

185
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Across both investigated settings, the federated models exhibited stable training behaviour
despite heterogeneous data distributions, and maintained consistent performance when
evaluated on independent external datasets. These findings suggest that collaborative training
across institutions is not only viable, but may also contribute to mitigating domain shift
effects, which is a major limitation of Artificial Intelligence (AI) in healthcare. Notably, the
extension to CBCT-to-sCT translation in the head and neck region (Chapter 5) confirmed
that the proposed framework is not restricted to a specific modality or acquisition protocol,
and that consistent cross-site generalisation can be achieved without introducing centre-
specific adaptations, even when using a different architectural paradigm (e.g. a Conditional
Generative Adversarial Network (cGAN)).

At the same time, these results require careful interpretation. The MRI-to-sCT study
involved five centres, while the CBCT-to-sCT study involved four publicly available insti-
tutional datasets, implementing a realistic cross-silo federation of four to five institutions.
This configuration was sufficient to demonstrate feasibility; it constitutes, however, an initial
step towards larger collaborative frameworks, providing a methodological and experimental
foundation upon which more extensive federations can be built, with the potential for stronger
generalisation as more institutions contribute data.

From a methodological perspective, both studies highlight that the feasibility of feder-
ated training relies on factors that are often implicit, such as data curation, preprocessing
consistency, model architecture, and aggregation strategy selection. In decentralised settings,
where direct access to data across sites is restricted, these aspects become even more critical
and require careful coordination, as they cannot be easily inspected or corrected centrally.

Furthermore, qualitative analyses of the generated sCTs revealed that, despite favourable
quantitative performance, localised errors and artefacts persist, particularly in anatomically
complex regions. This observation aligns with the broader literature on sCT generation and
indicates that FL does not inherently resolve the underlying modelling challenges associated
with image synthesis, rather, it inherits these limitations while enabling collaborative training.
Addressing these residual artefacts remains an open challenge and is likely to require
architectural innovations or data-driven solutions that go beyond the choice of training
paradigm.

A common limitation of both studies is the absence of associated radiotherapy planning
data and analysis. However, this thesis primarily aims to establish the feasibility of a
decentralised approach to sCT generation that has not previously been investigated in
a decentralised setting. Indeed, an important contribution of this research work lies in
extending the federated paradigm from cross-modality MRI translation to MRI-to-sCT and
CBCT-to-sCT translation. Although dosimetric evaluation represents a prerequisite for
radiotherapy applications, its feasibility will rely on the technical foundation established in
this research. Therefore, a dosimetric analysis is the most immediate direction for subsequent
work. Future studies based on the current framework will be able to focus on clinical
validation, with the federated training methodology already in place.

A further remark concerns the absence of a centralised training baseline in the experi-
mental comparisons. FL and centralised learning are complementary approaches suited to
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different constraints, rather than competing paradigms. When data centralisation is feasible,
centralised training may be preferable in order to avoid FL disadvantages. In contrast, the
federated approach is designed for scenarios where regulatory, ethical or practical barri-
ers render centralisation impractical, which are the conditions that motivated this research.
Therefore, a performance comparison against a centralised model would be misleading as
it would combine two fundamentally different problem settings and would not constitute a
meaningful evaluation criterion for the proposed framework. In this context, the important
question is not whether FL matches centralised performance (a challenging achievement
given the emergent application), but whether it produces models of sufficient quality to be
clinically and scientifically useful when centralisation is not an option.

Overall, the findings of both studies establish sCT generation as a viable application
domain for FL, while emphasising that effectiveness remains contingent on both data quality
and experimental design.

12.2 Sustainability, Efficiency, and Security of
Federated Learning

Beyond feasibility, this thesis investigated key practical aspects that govern the scalability and
reliability of FL in real-world deployments, namely computational efficiency, communication
constraints, and security against adversarial threats. While these topics are treated in separate
chapters, they share a common underlying concern: ensuring that decentralised systems
remain not only accurate, but also practical and trustworthy under realistic conditions.

Computational Efficiency A central observation arising from Chapter 4 is that FL for
I2I translation is computationally demanding, due to the complexity of the models involved
and the prolonged training times required to reach stable convergence. This has direct
implications for real-world deployments, where resource limitations and potential system
instability may hinder participation by institutions with constrained infrastructure, thereby
undermining the inclusive nature of federated collaboration.

The strategy based on adaptive parameter freezing, proposed in Chapter 6, demonstrated
that it is possible to substantially reduce computational load while maintaining stable perfor-
mance. However, the reliance on predefined freezing configurations rather than on dynamic
adaptation to client-specific characteristics, represents a limitation of the study. Developing
approaches capable of responding to client heterogeneity without increasing local compu-
tational overhead remains an open challenge, and constitutes a viable direction for future
investigation.

Security The security analysis presented in Chapter 7 challenged a common assumption
in the FL literature, namely that decentralisation inherently provides privacy guarantees. The
results demonstrated that, while gradient inversion attacks were not effective in reconstructing
training data within the FedSynthCT framework, other attack vectors remain feasible. In
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particular, membership inference attacks (e.g. FedMIA [125]) and poisoning strategies
pose realistic threats that could compromise data confidentiality, model integrity, or both.
The introduction of mitigation mechanisms, including anomaly detection and model update
validation, demonstrated potential to enhance robustness, albeit at the cost of increased
system complexity and potential impacts on convergence.

Thus, the main insight from this analysis is that trustworthy deployment in clinical
environments requires additional infrastructural layers beyond the federated algorithm itself.
These include authentication protocols, secure communication channels, certificate-based
communication, and pre-aggregation validation mechanisms. Importantly, these components
fall outside the scope of the FL algorithm by design. They are system-level solutions that
do not affect the performance or the feasibility of the federated training procedure, but
rather define the broader secure infrastructure within which it must operate. In healthcare,
where regulatory requirements are stringent and failures can have serious consequences,
robustness and security should be regarded as integral design criteria rather than as post hoc
considerations.

Communication Efficiency Chapter 8 shifts focus towards the optimisation of communi-
cation overhead in FL, a problem of particular relevance in settings characterised by limited
bandwidth or heterogeneous network infrastructure. The analysis of FedWSOcomp [143]–
combining compression, sparsification, and weight clustering–demonstrated that moderate
levels of these techniques can substantially reduce communication overhead while preserving
segmentation accuracy. Conversely, more aggressive compression leads to performance
degradation and reduced convergence stability, delineating a practical operational range for
the method.

Notably, this chapter focuses on a segmentation task rather than image translation. Seg-
mentation represents a mature application domain for FL, where foundational feasibility
questions have already been settled in the literature. Consequently, this makes it a controlled
setting in which to isolate and systematically evaluate communication efficiency strategies.
Furthermore, when federating segmentation models, practical bottlenecks are the communica-
tion overhead and convergence trend rather than computational demand, making optimisation
of these the most meaningful target. Nevertheless, the findings are directly relevant to I2I
translation settings, in which communication efficiency will become increasingly important
as federated frameworks incorporate more institutions.

A key limitation of this study lies in the exclusive investigation of consistent but fixed
configurations. The potential benefits of adaptive strategies, capable of dynamically adjusting
sparsification and clustering parameters during training, remain unexplored and represent a
promising direction for future research.

Taken together, the findings across these three areas highlight that efficiency and security
are not secondary concerns, but integral components of any federated system intended for
clinical deployment. Ensuring reliable and scalable operation requires not only robust models,
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but also a holistic design approach that encompasses computational, communicational, and
security considerations simultaneously.

12.3 Tooling, Reproducibility, and Research
Translation

In addition to methodological contributions, this thesis addressed the gap between research
development and practical usability through the design and release of open-source tools
integrated into the 3D Slicer platform [107]. These contributions (presented in Chapters 9-11)
reflect a coherent translational vision: ensuring that the methodological advances developed
throughout this thesis are not confined to experimental codebases, but are made accessible,
reproducible, and usable by the research community. Indeed, the three contributions in this
part of the thesis address complementary aspects of the research-to-practice pipeline: data
preparation, quality control, and model deployment.

ImageAugmenter [146] (Chapter 9) provides a user-friendly graphical interface for ap-
plying more than 20 spatial, intensity, and noise-based transformations to medical imaging
datasets, including support for segmentation masks, GPU acceleration, and dataset-level
batch processing. In contrast with existing solutions such as the TorchIO 3D Slicer ex-
tension, which offers a limited set of basic transformations and requires manual volume
loading, ImageAugmenter enables simultaneous application of multiple transforms to entire
datasets, with real-time preview and direct export preserving the original file hierarchy.
By removing the requirement for programming expertise, the tool lowers the barrier to
adopting state-of-the-art augmentation techniques, promotes methodological consistency
across studies and institutions, and is directly applicable to FL settings, where local data aug-
mentation can partially compensate for data scarcity and class imbalance at individual clients.

The sCT quality control framework [55] (Chapter 10) addresses one of the main barriers
to the clinical adoption of Deep Learning (DL)-based image synthesis: the inability to assess
the quantitative error of synthetic outputs in the absence of ground-truth Computed Tomog-
raphy (CT) data. Results demonstrated small absolute deviations between predicted and true
Mean Absolute Error (MAE) values, with no evidence of systematic bias, and inference times
compatible with routine clinical workflows. Although developed in a centralised setting,
this framework directly complements the federated synthesis models proposed earlier in the
thesis, providing patient-specific reliability estimation for models deployed in real clinical
environments where reference data are unavailable.

ModalityConverter (Chapter 11) integrates both the federated synthesis models and
the quality assessment tool into a unified 3D Slicer extension, thereby operationalising the
full research pipeline within a widely adopted and open-source medical research platform.
The extension comprises two complementary modules: the ModalityConverter module,
which provides GPU-accelerated inference for I2I translation across multiple modalities
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(including MRI-to-sCT, CBCT-to-sCT, and CT-to-sPET); and the Synthetic Image Quality
Assurance module, which integrates the MAE prediction framework to enable immediate
quality estimation of sCT outputs. This design defintely a closed-loop workflow in which
synthetic image generation and quality assessment are seamlessly connected within a single
environment, without requiring specialised infrastructure or programming expertise.

The distinction between these three tools is important. ImageAugmenter operates at the
data preparation stage, before model training; the quality control framework operates at the
deployment stage, after model inference; and ModalityConverter provides the deployment
infrastructure itself. Together, they cover the full lifecycle of a synthetic medical image
application, from dataset construction to model deployment and output validation.

A limitation of the tooling contributions concerns the current scope of the integrated
models. ModalityConverter currently embeds a limited number of pre-trained models, and
the quality assurance module supports a single modality and a single error metric (MAE)
for head and neck sCT. Extending both the model coverage and the quality assessment
capabilities to additional modalities and anatomical regions represents a possible direction
for future development.

12.4 Limitations and Future Directions

While the individual studies provide focused insights into specific aspects of FL for medical
imaging, emerging challenges and opportunities define a coherent path for future research
across the overall work. As noted in Section 12.1, the absence of radiotherapy planning data
in the investigated datasets prevented a direct dosimetric assessment of the generated sCTs.
This remains the most immediate limitation of the studies proposed in this thesis and should
be the primary focus of near-term follow-up work. Integrating treatment planning information
would enable evaluation in terms of dose calculation accuracy and clinical acceptability,
which are the ultimate criteria for the future adoption in radiotherapy workflows.

Scalability to larger federations represents a second priority. The present studies involved
four to five participating institutions. This configuration was sufficient to demonstrate
feasibility, but not to characterise the overall behaviour of federated systems under greater
institutional heterogeneity. Expanding the federation to a larger number of centres, with
more diverse acquisition protocols and patient populations, would allow a more systematic
assessment of generalisation and robustness, and would strengthen the translational relevance
of the findings.

Furthermore, the reliance on fixed configurations for parameter freezing, sparsification,
and clustering (identified across Chapters 6 and 8) represents a limiting factor that can be ad-
dressed in future studies. Developing adaptive strategies capable of responding dynamically
to client-specific characteristics and communication constraints would improve robustness in
heterogeneous settings and reduce the need for manual configurations.

Finally, the integration of federated models into clinical workflows requires standardised
evaluation protocols, interoperability with hospital information systems, and community-
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adopted benchmarks specific to federated sCT evaluation. The open-source tools developed
in this thesis represent a concrete step towards this goal, providing accessible infrastructure
for model deployment and output quality assessment. Extending their scope, in terms of
supported modalities, anatomical regions, and quality metrics, constitutes a parallel and
complementary development track.

Overall, these directions define a clear research path progressing from technical feasi-
bility, already established by the present work, towards clinical validation and operational
integration, which are necessary conditions for the successful and responsible deployment of
FL in healthcare.

12.5 Conclusion

The present work has been motivated by the identification of a gap in the existing literature.
While DL models for medical imaging require large and heterogeneous training datasets to
generalise reliably, the regulatory, institutional, and practical barriers to data centralisation in
healthcare are substantial and unlikely to diminish.

FL was identified as a potential solution to this problem. However, its application to
medical I2I translation, and to sCT generation in particular, had not been systematically
investigated prior to the current work.

The studies presented in this thesis provide evidence that federated training is a viable
approach for this class of tasks, and that the challenges specific to I2I translation do not
preclude effective decentralised collaboration across institutions. Furthermore, the work
clarifies that feasibility is a necessary but insufficient condition for deployment, and that
computational efficiency, communication overhead, and security against adversarial threats
must be addressed as integral components of the system design rather than as secondary
considerations.

The open opportunities and challenges represent the natural extension of this research.
In order to address them, it is necessary to implement both methodological advances and
multi-institutional collaboration, which FL itself is designed to enable. The present thesis
contributes the methodological, analytical, and software foundation upon which this next
phase can be built, and demonstrates that decentralised learning is not only a theoretically
appealing but also a practically viable paradigm for collaborative medical image analysis.
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