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Digital Transformation of Medical Imaging: from
quantitative diagnostic to surgical training

Riccardo Forni

September 2025

Abstract

Medical imaging is the prominent way of knowing internal structure, morphology and
functional aspects of a living human body and its widely adopted in clinical practice
to diagnose, support and plan treatments. This thesis explores the digital transfor-
mation of medical imaging, demonstrating how pixel-intensity analysis and advanced
computational methodologies can enhance diagnostic precision and support surgical
training. Leveraging data-rich imaging modalities such as computed tomography (CT)
and infrared imaging, this work develops and validates quantitative pipelines to ex-
tract robust imaging biomarkers and reconstruct anatomically accurate models for
both clinical and educational purposes.
From a diagnostic perspective, novel radiodensitometric and radiomic techniques were
applied across three clinical domains. First, CT-based quantitative analysis was used
to characterize skeletal muscle aging, introducing biomarkers of sarcopenia and fat
infiltration. Second, the concept of “virtual cardiac histology” was developed, where
high-dimensional radiomic features from cardiac CT enabled the non-invasive differ-
entiation of healthy myocardium from pathological conditions, including hypertrophic
cardiomyopathy (HCM) and acute myocardial infarction (AMI). Third, automated
meibography analysis was proposed to quantify morphological changes in Meibomian
glands from infrared eyelid imaging, offering objective metrics for ocular surface dis-
eases.
From an educational and surgical standpoint, this research introduces the Radio Anatom-
ical Interactive Library (RAIL), an innovative platform that integrates clinical imag-
ing data, 3D reconstructions, and mixed reality tools to support anatomical learning,
preoperative planning, and surgical rehearsal. By combining radiological data with
immersive technologies, RAIL enhances comprehension of complex anatomies and pro-
motes interactive, case-based training.
Collectively, the studies presented demonstrate that pixel-level analysis of medical
images can yield reproducible and clinically meaningful biomarkers, bridging the gap
between qualitative interpretation and quantitative, data-driven diagnostics. This the-
sis highlights the potential of integrating AI-based radiomics, 3D visualization, and
extended reality into the healthcare continuum, enabling personalized diagnostics, im-
proving training efficiency, and advancing the paradigm of precision medicine.

Keywords: Medical Imaging, Machine Learning, Aging, Cardiac Diseases, Computed
Tomography, Ophthalmology, Surgical Training, 3D Radiology



Stafræn umbreyting læknisfræðilegra mynda: frá mælanlegri
greiningu til þjálfunar fyrir skurðaðgerðir

Riccardo Forni

september 2025

Útdráttur

Læknisfræðileg myndgreining er aðal aðferðin til að skoða innri uppbyggingu, form
og starfsemi mannslíkamans og er í dag víða notuð í klínískri starfsemi til greiningar
og skipulagningar meðferða. Þessi doktorsritgerð nýtir eiginleika stafrænnar umbreyt-
ingar læknisfræðilegra mynda og sýnir hvernig notkun á birtugildi myndpunkta með
háþróuðum tölvuaðferðum geta aukið nákvæmni greininga og stutt við þjálfun í skurð-
aðgerðum. Með því að nýta gagnaríkar myndgreiningaraðferðir eins og sneiðmynda-
töku (CT) og innrauðar myndir, eru þróaðar og sannreyndar magngreiningarlínur til
að draga út áreiðanleg lífmerki úr myndum og endurskapa nákvæm líkön af líffærum
til klínískra og fræðslutengdra nota. Frá greiningarsjónarmiði voru nýjar geislaþéttni-
og geislaeininga (radiomics) líkön notuð í þremur klínískum vandamálum. Í fyrsta
lagi var notuð CT magngreining til að lýsa öldrun beinagrindarvöðva með lífmerkjum
sem greina vöðvarýrnun og fituinnskot. Í öðru lagi var þróað hugtakið „sýndarhjarta-
vefjalíffræði“, þar sem þrívíddarlíkan af hjarta-CT myndum gerði kleift að greina heil-
brigðan hjartavöðva frá sjúkum eins og ofvöxt í hjartavöðva (e. hyperthrophic cardi-
omyopathy) og bráðu hjartadrepi (e. acute myocardial infarction). Í þriðja lagi var
þróuð sjálfvirk magngreining á formbreytingum í Meibomian-kirtlum augans (e. quan-
titative meibography) með notkun innrauðra mynda af augnlokum, sem býður upp á
hlutlæg viðmið fyrir greiningu á sjúkdómum á yfirborði augans. Á fræðslu- og skurðað-
gerðarsviði er kynnt RadioAnatomical Interactive Library (RAIL), sem er vettvangur
sem sameinar klínískar upplýsingar, þrívíddarmódel og sýndarveruleika til að styðja
við kennslu í líffærafræði, við undirbúning aðgerða og við æfingar. Með því að sameina
myndgreiningu við gagnvirka tækni, auðveldar RAIL skilning á flóknum sjúkdóma- og
líffæra fyrirbærum og stuðlar að öruggari þjálfun fyrir meðferð á sjúkdómum. Saman-
tekið sýna þessar rannsóknir að útvíkkuð greining á myndpunktum getur skilað klínískt
mikilvægum lífmerkjum og brúað bilið á milli eigindlegrar túlkunar og magnbundinnar,
gagnadrifinnar greiningar. Ritgerðin undirstrikar möguleika þess að samþætta notkun
gervigreindargagna við túlkun stafrænna læknisfræðilegra upplýsinga, þrívíddarmód-
ela og sýndarveruleika í heilbrigðisþjónustu, með áherslu á persónusniðna greiningu,
bætta þjálfun heilbrigðistarfsfólks og tækniframfarir í lækningum.

Efnisorð: Læknamyndgreining, Tölvulærdómur, Öldrun, Tölvusneiðmyndataka, Augn-
lækningar, Skurðlæknaþjálfun, Þrívíddarmyndgreining
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Prologue

This thesis provides novel approaches and algorithms to study pixels-based features
from Computed Tomography, mainly, and Infrared Imaging and illustrates di�erent
applications where medical images play a crucial role as diagnostic, prognostic and ed-
ucational tool. The researches were conducted principally at the Institute of Biomed-
ical and Neural Engineering at Reykjavik University and in collaboration with Alma
Mater Studiourum - University of Bologna, SynLab Hospital both in Naples and in
Padua and Espansione Group, an Italian MedTech company. This dissertation will
focus mainly on the use of local and global pixels brightness variation in medical im-
ages to characterize the underlying tissue in aging and cardiac diseases, to detect and
quantify morphologies in Meibomian Glands De�ciency and in the reconstruction of
patient speci�c anatomies for medical education and training. The remainder of this
thesis is structured in six chapters:

ˆ Chapter 1: This chapter introduces medical imaging, its history, physical and
functioning principles, the technological advancement and the transition towards
digital technology. A brief introduction of the state-of-art clinically used modali-
ties and their diagnostic and prognostic applications. The introduction is tailored
to biomedical engineering aspects of medical images and provides a extensive
overview of basic concepts used later on in the manuscript.

ˆ Chapter 2: This chapter investigates how aging impacts skeletal muscle com-
position using quantitative computed tomography (CT) imaging. By analyzing
Houns�eld Unit (HU) distributions and segmenting muscle and fat tissues, the
study quanti�es key changes in muscle quality such as fat in�ltration (myosteato-
sis) and density reduction. The approach goes beyond volumetric measures,
introducing radiodensitometric biomarkers that capture subtle structural degra-
dation associated with aging. These markers have potential clinical applications
in assessing sarcopenia and frailty, o�ering an objective tool for population stud-
ies and longitudinal muscle health monitoring.

ˆ Chapter 3: This chapter introduces a novel approach termed �virtual car-
diac histology,� which leverages radiomics to extract high-dimensional textu-
ral and statistical features from cardiac CT images. Focusing on the left ven-
tricular myocardium, the study investigates how image-derived biomarkers can
non-invasively characterize underlying tissue pathology. By comparing healthy
subjects with those a�ected by hypertrophic cardiomyopathy (HCM) and acute
myocardial infarction (AMI), the chapter demonstrates how radiomic signatures,
derived from pixel intensity distributions and texture analysis, can distinguish



�brotic, hypertrophic, and necrotic changes in myocardial tissue. Advanced fea-
ture selection techniques and machine learning classi�ers are employed to build
predictive models, while SHAP-based interpretability is used to elucidate which
imaging features contribute most to classi�cation. This work bridges the gap be-
tween radiological imaging and histopathological insight, o�ering a non-invasive
alternative for myocardial tissue characterization in both clinical diagnostics and
research settings.

ˆ Chapter 4: This chapter presents a novel automated method for analyzing
infrared meibography images of the eyelids to quantify Meibomian gland mor-
phology. The technique involves intensity-based segmentation and morphological
processing to detect gland structures and assess their atrophy, which is a hallmark
of Meibomian Gland Dysfunction (MGD) and dry eye disease. The pipeline is
designed to ensure reproducibility and scalability, addressing limitations of sub-
jective clinical grading. Quantitative descriptors such as gland length, area, and
dropout percentage are extracted, o�ering objective metrics for diagnosis, disease
monitoring, and treatment evaluation. This study illustrates how targeted image
analysis can support ophthalmic diagnostics through accessible and non-invasive
tools.

ˆ Chapter 5: This chapter explores the integration of digital imaging and mixed
reality technologies into surgical training and preoperative planning. Patient-
speci�c CT data are processed to generate high-resolution 3D anatomical models,
which are then used in immersive environments to support spatial understand-
ing and rehearsal of complex procedures. The chapter describes a work�ow that
combines segmentation, model optimization, and deployment on platforms such
as augmented or virtual reality headsets. It discusses educational and clinical
use cases where enhanced visualization can improve procedural con�dence and
reduce intraoperative uncertainty. The approach represents a step toward per-
sonalized surgical education, leveraging imaging data not only for diagnostics
but also for hands-on training.

ˆ Chapter 6: The �nal chapter synthesizes the �ndings across all studies, em-
phasizing the unifying theme of leveraging pixel-level intensity data to derive
meaningful clinical insights. It re�ects on the translational potential of imaging
biomarkers, their role in personalized diagnostics, and the implications for future
digital healthcare. Common methodological frameworks and limitations are also
critically evaluated.
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Chapter 1

Introduction

1.1 Computed Tomography: the �rst imaging
modality

The history of medical imaging begins with a moment of serendipity. In 1895, German
physicist Wilhelm Conrad Röntgen, while experimenting with cathode rays, observed
that a �uorescent screen across his darkened lab began to glow�even though the
cathode ray tube was shielded. He had discovered a new type of invisible radiation,
capable of passing through �esh and revealing the hidden structures of the human
body. He called them X-rays, "X" standing for the unknown.

Röntgen's discovery sent shockwaves through science and medicine. Within weeks,
physicians were using X-rays to look inside the human body without making a single
incision. The �rst X-ray image of a human, a photograph of Röntgen's wife Bertha's
hand, wedding ring starkly visible around ghostly bones, marked the birth of diagnostic
radiology [1].

But while X-rays revolutionized diagnostics, they had their limits. Traditional
radiographs are two-dimensional projections, compressing complex anatomy into �at
images. Structures could overlap, and depth information was lost. For decades, scien-
tists and clinicians dreamed of ways to go further, to see not just shadows, but slices.
That dream became reality in the early 1970s, thanks to the convergence of physics,
mathematics, and computing.

Enter Godfrey Houns�eld, a British engineer at EMI (famous for producing Beatles
records), who hypothesized that by taking multiple X-ray measurements around an
object, one could reconstruct a detailed internal image using a computer [2]. In parallel,
Allan Cormack, a South African physicist, had already developed the mathematical
theory behind this idea, publishing his results in the 1960s, though they went largely
unnoticed at the time [3].

In 1971, Houns�eld unveiled the �rst clinical CT scanner, and soon after, the �rst
CT scan of a patient's brain revealed a previously undetectable tumor. This marked
a paradigm shift in medical imaging: the era of computed tomography. For their
pioneering contributions, Houns�eld and Cormack shared the 1979 Nobel Prize in
Physiology or Medicine.



1.2 Physical Foundations and Clinical Roles of
Modern Imaging Modalities

Medical imaging technologies exploit various physical principles to non-invasively vi-
sualize the internal structures and functions of the human body [4]. By categorizing
these modalities according to their underlying physics, we gain a clearer understand-
ing of their respective strengths, limitations, and clinical applications. The principal
physical mechanisms employed in medical imaging include ionizing radiation, magnetic
polarization, acoustic wave re�ection, and thermal radiation.

1.2.1 Radiation-Based Imaging Modalities

Ionizing radiation forms the foundation of several widely used medical imaging tech-
niques. These modalities exploit the interactions between high-energy photons and
matter, such as absorption, scattering, and emission, to generate images. Depending
on how the radiation interacts with di�erent tissues or with radioactive tracers, this
category includes both anatomical and functional imaging techniques. The degree of
interaction is in�uenced by tissue composition and photon energy, providing the basis
for contrast in radiographic, tomographic, and nuclear medicine applications.

1.2.1.1 X-ray Radiography and Computed Tomography (CT)

X-ray radiography and CT imaging are both based on the di�erential attenuation
of ionizing radiation as it passes through the body. X-rays are high-energy photons
generated by accelerating electrons against a metallic target [1]. The resulting beam
penetrates the body, and the degree of attenuation is dictated by the linear attenuation
coe�cient � , which depends on tissue density, atomic composition, and photon energy
[5].
- Radiography captures two-dimensional projection images, with contrast primarily
arising from variations in tissue density (e.g., bone vs. soft tissue). It is fast, accessible,
and widely used in orthopedics and chest imaging.
- CT extends this concept into three dimensions, reconstructing cross-sectional im-
ages from multiple projections acquired around the patient. CT provides detailed
anatomical resolution and is essential in trauma, oncology, and vascular imaging. The
use of iodinated contrast media enhances soft tissue di�erentiation by exploiting the
energy-dependent photoelectric e�ect.

1.2.1.2 Nuclear Medicine: PET and SPECT

Positron Emission Tomography (PET) and Single Photon Emission Computed Tomog-
raphy (SPECT) rely on the detection of gamma photons emitted from radiotracers ad-
ministered to the patient. These modalities provide functional and molecular imaging
capabilities, o�ering insights into physiological and metabolic processes [6].
- PET detects coincident gamma photons produced by positron annihilation, allowing
for high-sensitivity localization of tracer activity (e.g., 18F -FDG in oncology).
- SPECT measures single gamma photons emitted from isotopes like99mTc, using
rotating gamma cameras to reconstruct tomographic images.

Both PET and SPECT are essential for assessing tissue viability, perfusion, receptor
binding, and disease progression, particularly in neurology, and oncology [7], [8].
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1.2.2 Magnetic Polarization-Based Imaging

Magnetic resonance imaging (MRI) is based on the principles of nuclear magnetic po-
larization and resonance. When placed in a strong external magnetic �eld, certain
atomic nuclei align with the �eld and can be excited by speci�c radiofrequency pulses.
The emitted signals as they return to equilibrium are sensitive to tissue-speci�c pa-
rameters and are used to generate high-resolution, contrast-rich images, particularly
suited for soft tissue characterization.

1.2.2.1 Magnetic Resonance Imaging (MRI)

Magnetic Resonance Imaging (MRI) exploits the nuclear magnetic properties of hydro-
gen protons, which possess intrinsic spin and a magnetic moment. When placed within
a strong static magnetic �eld (B0 ), these protons align either parallel or antiparallel
to the �eld, resulting in a net magnetization along the longitudinal axis. Application
of a radiofrequency (RF) pulse at the Larmor frequency causes the net magnetization
vector to tilt into the transverse plane. As the RF pulse is turned o�, the protons
undergo relaxation�characterized by T1 (longitudinal) and T2 (transverse) decay,
emitting RF signals that are spatially encoded using magnetic �eld gradients [9]. The
signal intensity in MRI depends on several tissue-speci�c parameters, including proton
density and relaxation times (T1 and T2), enabling exquisite soft tissue contrast with-
out ionizing radiation. By varying pulse sequences and acquisition protocols, MRI can
highlight di�erent anatomical and physiological properties, including perfusion, di�u-
sion, and blood oxygenation. Functional MRI (fMRI) and spectroscopy expand MRI's
utility into brain mapping and metabolic analysis [10].

1.2.3 Acoustic Re�ection-Based Imaging

Acoustic-based imaging utilizes the propagation and re�ection of high-frequency sound
waves through biological tissues. Variations in acoustic impedance at tissue bound-
aries cause partial re�ections, which are detected and converted into real-time images.
The fundamental physics of wave propagation, re�ection, and Doppler shift enables
both structural and hemodynamic assessment, making ultrasound a versatile and safe
diagnostic tool.

1.2.3.1 Ultrasound Imaging

Ultrasound imaging utilizes high-frequency sound waves (typically 2�15 MHz) that
propagate through the body and re�ect at interfaces between tissues with di�erent
acoustic impedances [11]. The time delay and amplitude of returning echoes are pro-
cessed to construct real-time images.

Ultrasound is safe, cost-e�ective, and portable, making it a �rst-line imaging tool
in obstetrics, cardiology, and emergency medicine [12]. Doppler techniques enable the
assessment of blood �ow and vascular conditions, while advanced modes like elastog-
raphy and contrast-enhanced ultrasound extend its diagnostic capabilities [13].

1.2.4 Thermal Radiation-Based Imaging

All objects emit electromagnetic radiation as a function of their temperature. Infrared
thermography captures this naturally emitted thermal radiation from the body surface,



usually in the mid-infrared range. Although it does not penetrate deep into tissues,
it allows for indirect assessment of physiological processes by mapping temperature
distribution, with potential clinical relevance in in�ammatory and vascular conditions
[14].

1.2.4.1 Infrared Thermography

Infrared imaging detects the natural thermal radiation emitted by the body, typically in
the wavelength range of 8�14�m . The intensity of emitted infrared radiation correlates
with surface temperature, which can re�ect underlying physiological processes such as
in�ammation, vascular disorders, or abnormal perfusion.

Although not a primary diagnostic tool, infrared thermography is non-contact and
its radiation-free nature makes it particularly suitable for continuous or remote moni-
toring scenarios [15].

Summary

Each imaging modality, rooted in a distinct physical principle, provides complementary
information. Radiation-based methods excel at anatomical detail and functional imag-
ing via tracers, while MRI provides rich soft tissue contrast without ionizing exposure.
Ultrasound o�ers dynamic and portable imaging, and infrared thermography reveals
surface temperature patterns. The integration of these modalities, either sequentially
or in hybrid devices such as PET/CT and PET/MRI, enhances diagnostic accuracy
and deepens our understanding of human physiology and pathology. A summary of
the major clinical application is reported in Table 1.1

1.3 From Photographic Plates to Pixel Matrices:
The Digital Reinvention of Medical Imaging

The acquisition of medical images has undergone a profound transformation�from
analog, impression-based techniques to digital, data-driven work�ows. This evolution,
driven by advances in physics, detector technology, and computational capacity, has
enhanced the resolution, reproducibility, and clinical relevance of imaging. As the foun-
dational stage of the imaging pipeline, acquisition converts physical interactions into
structured digital representations that serve as substrates for diagnosis, quantitative
analysis, and clinical decision-making.

Early imaging modalities, such as conventional X-ray radiography, relied on ana-
log media�primarily photographic �lms�to capture variations in X-ray attenuation
across the body. These images o�ered high spatial resolution but su�ered from lim-
ited dynamic range, poor contrast �exibility, and challenges in storage and retrieval
[16]. Although revolutionary in their time, analog systems lacked the capability for
real-time analysis and digital enhancement.

The digital era of imaging was catalyzed by the development of computed tomog-
raphy (CT) in the early 1970s. Godfrey Houns�eld and Allan Cormack demonstrated
that by collecting multiple X-ray projections from di�erent angles and applying tomo-
graphic reconstruction algorithms, it was possible to reconstruct cross-sectional images
of internal anatomy with unprecedented clarity [2]. This shift marked a conceptual de-
parture: image formation became an active process of computational inference rather
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Table 1.1: Clinical applications of medical imaging modalities categorized by physical
principles

Physical Princi-
ple

Imaging Modalities Main Clinical Applications

Ionizing Radia-
tion

X-ray Radiography Fracture detection, dental imaging,
chest diseases (e.g., pneumonia, tuber-
culosis), mammography

Computed Tomogra-
phy (CT)

Trauma assessment, stroke diagnosis,
tumor detection and staging, lung and
cardiac imaging, vascular evaluation
(CT angiography)

PET, SPECT Oncology (tumor metabolism and
spread), cardiology (myocardial perfu-
sion), neurology (dementia, epilepsy),
infection/in�ammation detection

Magnetic Polar-
ization

Magnetic Resonance
Imaging (MRI)

Soft tissue imaging (brain, muscles,
joints), neuroimaging, spinal cord as-
sessment, cardiovascular and func-
tional imaging (fMRI, perfusion, spec-
troscopy)

Acoustic Re�ec-
tion

Ultrasound (US) Fetal monitoring, abdominal organ
imaging, echocardiography, thyroid
and breast evaluation, vascular �ow
analysis (Doppler US)

Thermal Radia-
tion

Infrared Thermography Peripheral vascular disease, diabetic
foot monitoring, in�ammation and in-
fection screening, adjunct breast can-
cer evaluation (experimental)



than a passive photographic recording. A pivotal aspect of the digital transforma-
tion in medical imaging lies in the ability to transduce physical signals into digital
representations suitable for computational analysis. Early analog detectors have been
progressively replaced by digital sensors, including photostimulable phosphor plates
(used in computed radiography), solid-state detectors, and �at-panel detectors based
on amorphous silicon or complementary metal-oxide semiconductor (CMOS) technol-
ogy [17]. These detectors convert incident X-ray photons signals directly into digital
signals using scintillators and photodiodes, enabling real-time image acquisition and
reduced radiation exposure. The direct capture of digital signals has enabled seamless
integration with digital storage and processing pipelines, eliminating the need for �lm
scanning and manual archiving. Modern CT systems use solid-state detectors (e.g.,
scintillator-photodiode arrays or �at-panel detectors) to convert incident X-rays into
electrical signals, which are digitized and reconstructed into volumetric datasets. This
digital pipeline enables real-time visualization, multiplanar reformations, and quanti-
tative analyses such as Houns�eld Unit (HU)-based tissue characterization [18].

In magnetic resonance imaging (MRI), the acquisition process is fundamentally
di�erent. MRI collects signal data in the frequency domain, known ask-space, where
each point represents a spatial frequency component of the image. The raw signal
is acquired using radiofrequency (RF) receiver coils and is digitized via analog-to-
digital converters. Spatial encoding is achieved using magnetic �eld gradients, and �nal
images are reconstructed using Fourier transformation [19], [20]. This approach allows
for exquisite soft tissue contrast and �exible contrast modulation through variation of
pulse sequences (e.g., T1-, T2-weighted, di�usion, and perfusion imaging).

Ultrasound imaging systems utilize piezoelectric transducers to emit high-frequency
sound waves and detect their echoes as they re�ect from tissue interfaces with di�ering
acoustic impedance. Modern ultrasound employs electronic beamforming and real-time
digital signal processing to produce dynamic 2D and 3D representations of anatomy
and hemodynamics. Doppler techniques further enable the visualization of blood �ow
and vascular resistance [21].

In nuclear medicine, including positron emission tomography (PET) and single
photon emission computed tomography (SPECT), image acquisition involves tracking
gamma photons emitted from administered radiotracers. Detectors such as scintil-
lation crystals coupled with photomultiplier tubes or solid-state sensors record these
emissions. Events are digitized, spatially localized, and reconstructed into tomographic
datasets that re�ect physiological or molecular activity rather than purely anatomical
structures [6].

The advent of digital technologies has profoundly transformed the landscape of
medical imaging, marking a paradigm shift from analog image acquisition and manual
interpretation to fully integrated digital work�ows. This transformation, referred to as
the digitalization of medical imaging, encompasses not only the conversion of analog
signals into digital data, but also the implementation of advanced computational tools
for storage, analysis, visualization, and clinical integration.

With the rise of digital acquisition, the development of standardized communication
protocols became critical. The introduction of the Digital Imaging and Communica-
tions in Medicine (DICOM) standard established a universal framework for encoding,
storing, and exchanging medical images and associated metadata. DICOM ensures
interoperability across imaging modalities and vendor platforms, facilitating the con-
struction of comprehensive and connected imaging ecosystems.
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1.3.1 DICOM Format and PACS Systems

The DICOM standard, developed by the American College of Radiology (ACR) and
the National Electrical Manufacturers Association (NEMA), de�nes both the �le for-
mat and the communication protocols required for the management of medical images.
Each DICOM �le includes two core components: the image data, typically a matrix
of intensity values (e.g., grayscale Houns�eld Units in CT or signal amplitudes in
MRI)�and a metadata header containing extensive information such as patient de-
mographics, study identi�ers, acquisition parameters, and spatial orientation. These
metadata elements are essential for consistent image reconstruction, registration, com-
parison, and clinical interpretation.

DICOM also supports a range of network services for transmitting and managing
imaging work�ows:

ˆ Storage Service : archives image datasets to a PACS server.

ˆ Query/Retrieve Service : locates and accesses prior studies.

ˆ Worklist Management : synchronizes imaging orders from the hospital infor-
mation system (HIS/RIS).

ˆ Modality Performed Procedure Step (MPPS) : documents the actual exe-
cution of an imaging procedure.

Each digital medical image is composed of a two- or three-dimensional array of
elements�pixels or voxels�where each element encodes an intensity value representing
a physical property such as X-ray attenuation (CT), signal amplitude (MRI), or tracer
concentration (PET) [22]. The size of an image matrix depends on the acquisition
protocol and modality, typically ranging from 256Ö256 to 1024Ö1024 in 2D, or from
128Ö128 to 512Ö512 in volumetric datasets [23]. These matrices are associated with
spatial resolution parameters including voxel spacing, slice thickness, and �eld of view
(FOV), which together determine the physical size and anisotropy of each voxel [24].

Image intensities are typically stored using 12-bit to 16-bit depth, enabling 4096
to 65536 grayscale levels, far beyond the display capabilities of standard monitors. In
CT imaging, pixel values are expressed in Houns�eld Units (HU), calibrated such that
water is set to 0 HU and air to -1000 HU, with bone and metal reaching values above
thousands. In MRI, the intensity scale is arbitrary and depends on the pulse sequence,
relaxation times, and scanner settings. PET and SPECT images are often quanti-
�ed in terms of standardized uptake values (SUVs), representing tracer concentration
normalized by patient and scan parameters [9], [25], [26].

Understanding image matrix properties is essential for any downstream processing,
such as segmentation and registration, as variations in resolution, bit depth, and in-
tensity scaling can introduce bias or a�ect reproducibility. Proper metadata encoding
within DICOM headers ensures that spatial and intensity information is preserved and
interpretable across platforms and analysis pipelines.

Closely linked to DICOM is the Picture Archiving and Communication System
(PACS), a digital infrastructure that handles the storage, retrieval, distribution, and
visualization of imaging data. PACS systems interface with acquisition modalities
(CT, MRI, ultrasound, etc.) and integrate with hospital and radiology information
systems (HIS/RIS) to support a seamless clinical work�ow [27]. They also serve as



the foundation for image-based decision-making, enabling radiologists, clinicians, and
specialists to access high-resolution datasets from any network-connected workstation.

A typical PACS ecosystem consists of [28]:

1. Imaging modalities (e.g., CT, MRI, PET, ultrasound) that generate DICOM-
compliant digital images.

2. A secure network for transmitting imaging data and metadata.

3. Archive servers for long-term storage and redundancy.

4. Viewing workstations equipped with diagnostic tools for image interpretation
and reporting.

Modern PACS systems have evolved beyond simple image storage. They now
support advanced functions such as dynamic reconstructions, multiplanar reformat-
ting, 3D visualization, and integration with AI-assisted diagnostic tools. Moreover,
enterprise-level PACS increasingly utilize Vendor Neutral Archives (VNAs) and cloud-
based solutions to promote interoperability, scalability, and secure data access across
institutional and geographic boundaries.

Within this framework, digital medical images form the substrate for all computa-
tional analyses presented in this thesis. The research builds upon this infrastructure
to extract quantitative features and construct patient-speci�c models. These e�orts
aim to advance the use of digital imaging in precision diagnostics, biomechanical sim-
ulation, and surgical planning, contributing to the broader evolution of data-driven,
patient-speci�c clinical care.

1.4 Segmentation as a Gateway to Anatomical
Understanding

Segmentation is a central task in medical image analysis, enabling the delineation of
anatomically or functionally meaningful structures from background tissue. By isolat-
ing regions of interest, segmentation allows for precise quanti�cation, shape analysis,
feature extraction, and subsequent diagnostic or prognostic modeling. Rather than or-
ganizing the topic as a taxonomy of algorithms, segmentation can be more intuitively
introduced by considering the two primary principles that underpin most methods:
(1) the spatial coherence of image regions, and (2) the characteristic gray-level distri-
butions of speci�c tissues or structures [29].

The �rst principle relies on the observation that anatomical structures are typi-
cally formed by pixels or voxels that are spatially contiguous and exhibit similar local
appearance. This leads to segmentation strategies based onspatial proximity and re-
gional homogeneity, where neighboring elements are grouped together if they ful�ll a
criterion of similarity. Classical methods under this category include:

ˆ Region Growing , which iteratively aggregates pixels starting from seed points,
expanding the region based on prede�ned similarity thresholds [30].

ˆ Watershed Algorithms , which interpret the image as a topographic surface
and segment it by simulating the �ooding of basins from local minima [31].
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ˆ Connected Component Labeling , often used after binary thresholding to
separate distinct clusters of similar intensity [32].

ˆ Clustering-based methods such ask-meansor mean shift, which assign pix-
els to groups based on proximity in feature space (e.g., intensity, texture, or
coordinates) [33], [34].

These approaches are particularly useful in cases where structural boundaries are
de�ned by smooth transitions or continuous regions, such as parenchymal organs in
abdominal imaging or ventricular cavities in cardiac MRI.

The second principle centers on the idea that di�erent tissues or pathologies often
exhibit characteristic intensity valuesin medical images. For instance, in CT imaging,
bone, muscle, fat, and air can be readily distinguished based on their Houns�eld Unit
(HU) ranges. Similarly, in MRI, tissue contrast is governed by relaxation properties
and acquisition parameters, producing distinct signal intensities for cerebrospinal �uid,
white matter, or lesions. Segmentation methods leveraging this principle include:

ˆ Thresholding , both global and adaptive, which classi�es pixels by comparing
their intensities to one or more thresholds [35].

ˆ Histogram-based methods , which detect peaks in intensity distribution to
separate tissues [35].

ˆ Statistical classi�ers , such asGaussian Mixture Models (GMMs), Expectation-
Maximization (EM) , or Bayesian approaches, which model the intensity distri-
bution of di�erent classes and assign membership probabilities [36].

ˆ Level-set methods , which use evolving contours driven by intensity gradients
or region-based statistics to delineate boundaries between structures [37], [38].

In practice, these two paradigms are often combined to enhance segmentation per-
formance in the presence of noise, partial volume e�ects, or anatomical complexity.
Hybrid methods, such as Markov Random Fields (MRFs) and Conditional Random
Fields (CRFs), incorporate both spatial dependencies and intensity likelihoods into
a uni�ed probabilistic framework [39]. Additionally, graph-based methods, such as
graph cuts, model segmentation as an energy minimization problem balancing regional
�delity and boundary smoothness [40].

More recently, deep learning-based approaches, particularly convolutional neural
networks (CNNs), have revolutionized medical image segmentation by learning com-
plex mappings from image data to labeled regions [41]. Architectures such as U-Net,
V-Net, and nnU-Net have demonstrated state of the art performance across a wide
range of tasks, leveraging both local texture patterns and global contextual informa-
tion [42], [43]. These models implicitly encode both proximity and intensity features,
and are often trained on large, annotated datasets to generalize across subjects and
scanners.

In this thesis, segmentation represents a foundational step, enabling the isolation of
anatomical regions of interest from surrounding structures. This facilitates consistent
comparison across subjects and time points, and provides a de�ned spatial context
for downstream tasks such as feature extraction, radiomic pro�ling, or anatomical
modeling.



1.5 Applications of Digital Medical Imaging

The digitization of medical imaging has revolutionized healthcare by transforming
static images into dynamic, data-rich resources. This evolution has facilitated a mul-
titude of applications across diagnostics, treatment planning, and medical education.
Below, we delineate the key domains where digital medical imaging has made signi�-
cant impacts. A graphical scheme reporting the digital application is drawn in Figure
1.1.

Figure 1.1: Field of Digital Medical Imaging: list of the most important and promising
applications of digitalization of imaging in the medical �eld.

Quantitative Diagnostic The evolution of medical imaging from a purely qualita-
tive modality to a quantitative discipline has signi�cantly enhanced its role in modern
diagnostics. Traditionally, image interpretation has relied on visual inspection and
subjective assessment by expert radiologists. While this approach remains indispens-
able, the digitization of medical imaging has enabled the extraction of objective, re-
producible, and high-dimensional data, commonly referred to as quantitative imaging
biomarkers [44].

Quantitative diagnostics involves the numerical characterization of anatomical,
physiological, or pathological features captured in medical images. These features
include measurements of shape, size, intensity, volume, texture, and enhancement
kinetics. Such parameters can be directly extracted using computational tools or in-
directly derived through mathematical modeling and statistical analysis [45].

A key driver of quantitative diagnostics is radiomics, a �eld that involves high-
throughput extraction of large numbers of features from radiological images, followed
by feature selection and correlation with clinical outcomes. Radiomic features can
capture subtle patterns in tissue heterogeneity that are not apparent to the naked eye,
and have been shown to correlate with tumor grade, treatment response, and prognosis
in oncology [46], [47].

In oncology, texture and intensity features derived from CT and MRI can be used
to non-invasively assess tumor heterogeneity, hypoxia, and angiogenesis [48], [49]. Ra-
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diomics has been used in lung, breast, brain, and prostate cancers to predict survival,
recurrence risk, and molecular subtypes. The integration of imaging features with
clinical, histopathological, and genomic data enables a more comprehensive and indi-
vidualized diagnostic pro�le shifting toward precision oncology [50].

In cardiovascular imaging, MRI is the primary tool to assess myocardial tissue
composition, detect �brosis, quantify atherosclerotic plaque burden, and evaluate ven-
tricular function [51]. Houns�eld Unit (HU) in cardiac CT allow for quanti�cation of
epicardial fat [52]. Quantitative cine MRI, on the other hand, enables assessment of
left ventricular ejection fraction, myocardial strain, and T1/T2 mapping�parameters
crucial for diagnosing cardiomyopathies and in�ammatory conditions [53].

In musculoskeletal imaging, bone mineral density (BMD) measurements from dual-
energy X-ray absorptiometry (DEXA) or quantitative CT are widely used for the di-
agnosis and monitoring of osteoporosis [54]. MRI-based volume and texture measure-
ments of cartilage and muscle are employed to study osteoarthritis, sarcopenia, and
other degenerative disorders. These imaging biomarkers assist clinicians in quantify-
ing disease severity, evaluating response to therapy, and making prognostic predictions
[45].

In neurology, quantitative imaging techniques such as voxel-based morphometry
(VBM), di�usion tensor imaging (DTI), and quantitative susceptibility mapping (QSM)
are employed to assess neurodegeneration, demyelination, and iron deposition in dis-
orders like Alzheimer's disease, multiple sclerosis, and Parkinson's disease [55], [56].

Importantly, the standardization and reproducibility of quantitative measures re-
main critical for clinical translation. Initiatives such as the Quantitative Imaging
Biomarkers Alliance (QIBA) and the Image Biomarker Standardization Initiative (IBSI)
have established protocols for feature extraction and validation [57]. These e�orts
aim to bridge the gap between research-grade quantitative metrics and clinical-grade
biomarkers suitable for decision-making.

Overall, quantitative diagnostics transforms medical imaging into a source of struc-
tured data, enabling integration with electronic health records, machine learning mod-
els, and digital twin platforms. This shift supports a more data-driven, individualized
approach to diagnosis, prognosis, and therapeutic guidance across multiple areas of
medicine.

These applications are further enhanced by the integration of arti�cial intelligence
and machine learning techniques, which can process large-scale image-derived data and
identify complex patterns associated with speci�c diseases. This thesis contributes to
this growing domain by proposing new pipelines for the extraction and interpretation
of quantitative imaging biomarkers in both cardiac and musculoskeletal contexts.

Arti�cial Intelligence and Predictive Modeling The integration of arti�cial in-
telligence (AI), particularly deep learning, has revolutionized the �eld of medical imag-
ing by enabling the automation of complex image interpretation tasks. Convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and transformer-based
architectures are widely used to perform tasks such as segmentation, lesion detection,
tissue classi�cation, and image synthesis with a level of precision approaching expert
radiologists [58], [59].

In clinical applications, AI-based models are used to support early diagnosis, as-
sess disease progression, and generate predictive biomarkers. For example, in oncology,
deep learning systems can automatically identify tumors on CT and MRI scans, classify



them by histological subtype, and predict treatment response based on radiomic pat-
terns [60]. In cardiology, AI models can estimate ventricular function, detect coronary
artery disease, and even simulate functional measures such as fractional �ow reserve
(FFR) directly from anatomical CT data [61].

AI also facilitates the development of predictive models that integrate imaging fea-
tures with clinical, genetic, and laboratory data, enabling personalized risk assessment
and treatment planning. Furthermore, these models are increasingly embedded into
imaging platforms and PACS systems, assisting radiologists through automated triage,
prioritization, and report generation [62].

However, challenges remain regarding model generalizability, interpretability, and
regulatory validation. E�orts to create standardized datasets and transparent bench-
marking frameworks are ongoing to promote safe and equitable AI deployment in
clinical imaging [63].

Image-Guided Interventions Preoperative imaging data can be utilized intraoper-
atively to guide surgical procedures with enhanced precision and con�dence. Advances
in intraoperative navigation systems allow surgeons to visualize anatomical structures
in real time, based on registration with patient-speci�c preoperative images such as
CT or MRI scans. These systems use various tracking technologies�including optical,
electromagnetic, or stereophotogrammetric tracking, to correlate surgical tools with
3D anatomical data, creating a dynamic surgical roadmap [64].

In particular, augmented reality (AR) overlays and head-mounted displays are
increasingly used to superimpose virtual anatomical structures or planned trajectories
directly onto the surgeon's view of the operative �eld [65]. These technologies are being
applied in neurosurgery (e.g., for tumor resection or electrode placement), orthopedics
(e.g., for joint replacement and spinal screw placement), and interventional radiology
(e.g., for needle guidance or catheter navigation) [66]. When combined with robotic
assistance or intraoperative imaging (e.g., cone-beam CT or ultrasound), these image-
guided systems improve localization accuracy, reduce operating times, and minimize
damage to surrounding tissues.

The integration of image-guided technologies into the surgical work�ow represents
a key step toward precision surgery, enabling minimally invasive approaches, repro-
ducible procedures, and patient-speci�c treatment planning.

3D Anatomical Modeling, Simulation, and Immersive Visualization Ad-
vances in medical image segmentation and volumetric reconstruction have enabled
the generation of highly accurate, patient-speci�c three-dimensional (3D) anatomical
models from CT, MRI, or ultrasound datasets [67]. These models are pivotal in preop-
erative planning, as they allow clinicians to explore patient anatomy in detail, simulate
procedures, and customize surgical instruments or implants.

Beyond visualization, these models form the computational substrate for physics-
based simulations such as �nite element analysis (FEA). By assigning tissue-speci�c
material properties and applying realistic boundary conditions, FEA allows for the
simulation of stress, strain, and mechanical behavior of anatomical structures under
physiological or surgical loading conditions. Such simulations are widely used in ortho-
pedics to assess joint mechanics, fracture risk, or implant stability, and in cardiology
to model myocardial deformation or valve dynamics [68]�[70].
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Immersive technologies such as virtual reality (VR), augmented reality (AR), and
mixed reality (MR) further enhance the utility of 3D models by enabling interactive
exploration and surgical rehearsal in a risk-free environment. These platforms improve
spatial understanding, support preoperative team brie�ngs, and enhance surgical train-
ing, especially in anatomically complex or rare cases [71]. When coupled with real-time
simulation engines, these systems might provide feedback on instrument-tissue interac-
tion, tool trajectory, and anatomical deformation, thereby enriching procedural realism
and training e�ectiveness.

Finally, the transformation of digital models into physical objects through 3D print-
ing provides an additional layer of tangible utility. Printed models are used for surgical
planning, intraoperative reference, patient communication, and the fabrication of cus-
tom prosthetics, guides, and implants. This work�ow supports personalized medicine
and has been shown to improve surgical accuracy and patient outcomes [72].

Digital Pathology and Radiopathomics The digitization of histopathological
slides, through high-resolution whole-slide imaging (WSI), enables the application of
computational techniques to analyze tissue architecture, cell morphology, and staining
patterns at the microscopic level. This transformation has given rise to the �eld of
computational pathology, in which image-derived features are extracted and quanti�ed
using machine learning and deep learning models [73], [74].

A particularly promising area of convergence is radiopathomics, which seeks to
integrate quantitative imaging biomarkers from radiology (e.g., MRI, CT, PET) with
features from digital pathology to form a multi-scale, multimodal characterization of
disease [50]. This approach enhances the ability to correlate radiological phenotypes
with histopathological ground truth, uncovering genotype-phenotype associations and
improving predictive modeling for patient outcomes.

Radiopathomics is being actively investigated in oncology, where it has shown po-
tential to bridge the gap between non-invasive imaging and invasive biopsy. In glioblas-
toma, for instance, studies have linked MRI-derived texture features with molecular
subtypes and histologic markers of aggressiveness [75]. In prostate and breast can-
cers, radiopathomic models have improved the accuracy of tumor grading and risk
strati�cation [76].

By integrating data across spatial scales, radiopathomics supports a more holis-
tic understanding of tumor biology, enabling more accurate diagnosis, prognosis, and
treatment planning. As computational models evolve, the combined use of radiological
and pathological data will likely become central to personalized and precision medicine.

Telemedicine and Remote Collaboration Cloud-based platforms and web-based
viewers have become essential components of modern healthcare infrastructure, en-
abling the remote sharing, visualization, and interpretation of medical imaging data.
These technologies support real-time access to diagnostic information by radiologists,
specialists, and multidisciplinary teams, irrespective of geographic location. The imple-
mentation of secure DICOM-compliant viewers, teleradiology platforms, and vendor-
neutral archives (VNAs) facilitates collaborative diagnostics, second opinions, and vir-
tual tumor boards [77], [78].
Telemedicine in imaging has proven particularly valuable in under-resourced regions
and during public health emergencies, such as the COVID-19 pandemic, where phys-
ical access to healthcare facilities was limited. During this period, the accelerated



adoption of remote diagnostic work�ows helped to sustain radiological services while
reducing infection risk. Furthermore, the integration of arti�cial intelligence (AI) tools
within telemedicine platforms now allows for automated triage, preliminary reporting,
and worklist prioritization, enhancing diagnostic e�ciency and consistency across dis-
tributed healthcare networks [79].
In this context, telemedicine extends the reach of imaging expertise, supports equitable
care delivery, and facilitates interdisciplinary collaboration, making it a key enabler of
modern, patient-centric imaging ecosystems.

Digital Twins The concept of a digital twin, a virtual replica of a physical entity
that evolves in real time alongside its counterpart, has emerged as a transformative
paradigm in healthcare [80], [81].
Medical imaging provides detailed structural, functional, and morphological informa-
tion that enables the geometric and biophysical reconstruction of patient anatomy.
These models serve as the spatial sca�old upon which additional physiological data,
such as tissue properties, hemodynamics, or electrophysiological behavior, can be
mapped [82].
Physics-based simulations such as �nite element analysis (FEA), computational �uid
dynamics (CFD), or electromechanical modeling can then be performed to simulate
organ behavior under various conditions [83], [84]. This allows clinicians to anticipate
disease progression, evaluate the response to therapeutic interventions, or virtually
rehearse surgical procedures.
Medical digital twins are being developed and explored in several clinical domains.
In cardiology, personalized cardiac models derived from MRI or CT data are used to
simulate electrical conduction and mechanical contraction, enabling risk strati�cation
in arrhythmias or planning of ablation therapies [82]. In orthopedics, digital twins of
the musculoskeletal system support the assessment of biomechanical stresses on joints
and implants [83]. In oncology, tumor models based on multiparametric imaging are
used to predict growth patterns or treatment response [85]. In chronic diseases, digital
twins may be implemented to foresee the outcome of a treatment or intervention and
pick the more promising strategy [86]
In this context, medical imaging is not merely a diagnostic tool, but a core enabler of
virtual, data-driven representations of individual health trajectories.

1.5.1 Objective and Contributions of the Thesis

The central objective of this thesis is to advance the use of digital medical imaging
for quantitative diagnosis and surgical training through the development, application,
and validation of computational methodologies. This work is grounded in the dual
recognition that (1) modern imaging technologies produce data-rich representations of
anatomy and pathology that can be mined for clinically actionable biomarkers, and
(2) these same datasets can be transformed into immersive, interactive, and patient-
speci�c models for simulation-based training and planning.

From a diagnostic standpoint, the thesis contributes novel methods for extracting
and analyzing quantitative imaging biomarkers, with applications in cardiology, mus-
culoskeletal imaging, and ophthalmology. These studies leverage standardized imaging
modalities as CT and innovative approaches as infrared imaging to characterize tissue
composition, structural integrity, and pathological signatures. The extracted features
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are rigorously validated and contextualized to support disease classi�cation, strati�ca-
tion, and prognostication. This work contributes to the �eld of radiomics and quanti-
tative imaging by promoting reproducibility, clinical interpretability, and integration
with emerging frameworks such as QIBA.

From a surgical perspective, this thesis investigates how image-derived anatomical
models can be leveraged to enhance anatomical education, preoperative visualization,
and surgical rehearsal. High-resolution 3D reconstructions generated from CT and
MRI data are processed through advanced segmentation and rendering pipelines to
produce accurate, patient-speci�c visualizations of complex anatomy. These models
are integrated into immersive environments�including virtual reality (VR) and mixed
reality (MR) platforms, that allow clinicians and trainees to interact with anatomical
structures in intuitive and spatially meaningful ways.

The emphasis is placed on improving anatomical understanding, enhancing compre-
hension of morphological variability in real-life cases, and facilitating multidisciplinary
communication. Such visual tools support preoperative brie�ngs, enable procedural
walkthrough, and aid in patient education by translating radiological data into tangi-
ble and explorable content. By developing an interactive clinical database where the
user may query cross-sectional questions about anatomy and may read encyclopedic
knowledge about what is on displayed, this work contributes to the broader adop-
tion of image-based technologies in surgical training, digital anatomy education, and
personalized medicine.

Overall, this thesis advances the digital transformation of medical imaging by:

ˆ Developing and validating quantitative imaging pipelines for radiomic analysis
in diagnostic contexts;

ˆ Constructing anatomically accurate 3D models from clinical images for surgical
planning and simulation;

ˆ Demonstrating the use of virtual and augmented reality for medical education
and training;

ˆ Promoting reproducible, interpretable, and clinically translatable tools that bridge
research innovation with real-world clinical work�ows.

Together, these contributions align with the broader paradigm shift toward preci-
sion medicine and patient-speci�c care, illustrating how computational image analysis
can enhance both diagnostic insight and procedural preparedness across multiple do-
mains of clinical practice.
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Chapter 2

Mobility Muscles Aging

Introduction

Aging is accompanied by profound changes in the musculoskeletal system that col-
lectively impair mobility and functional independence in older adults. Among these
changes, age-related loss of skeletal muscle mass and strength, a condition known as
sarcopenia, is a central factor contributing to mobility decline [87]�[89]. The term
sarcopenia (Greek forpoverty of �esh) was �rst introduced in 1989 to describe this
geriatric syndrome, and has since become a key indicator of biological aging and frailty.

Biologically, sarcopenia involves a combination of muscle �ber atrophy and loss of
muscle �bers, often accompanied by increased intramuscular fat in�ltration (myosteato-
sis) that degrades muscle quality. Clinically, it manifests as reduced muscle strength
and physical performance, contributing to the frailty phenotype and increasing vulner-
ability to adverse outcomes. Indeed, sarcopenia is strongly associated with higher risks
of falls, fractures, disability, and even all-cause mortality in the elderly. Maintaining
mobility therefore emerges as a major challenge in aging populations, as sarcopenia-
related weakness and balance impairment threaten the capacity for independent living
[89].

Musculoskeletal Aging and Sarcopenia

Sarcopenia is now recognized as one of the most prevalent conditions a�ecting older
adults. It begins insidiously in mid-life and accelerates with advancing age. From
the fourth decade of life onward, individuals typically lose around0:5 � 1% of their
muscle mass per year, such that by the eighth or ninth decade up to approximately
50% of muscle mass may be lost in severe cases [88]. This decline is accompanied
by a disproportionate loss of muscle strength (sometimes termed dynapenia) which
can progress even faster than muscle mass loss. Epidemiological studies indicate that
roughly 10%of people over 60 years old meet criteria for sarcopenia, with prevalence
rising sharply to one-third or more in those over 80. The rates vary depending on
population and diagnostic criteria used; for instance, community-dwelling seniors show
lower sarcopenia prevalence (on the order of5 � 15%) compared to more vulnerable
groups. In nursing homes, over40%of residents may be sarcopenic, and in hospitalized
elder patients roughly one in four is a�ected [90].

The progression of muscle degradation with age has far-reaching consequences.
Qualitatively, aging muscle exhibits reduced strength, slower contractile velocity, and
impaired neuromuscular coordination. Quantitatively, as muscles atrophy and are



replaced by fat and �brous tissue, the loss of power translates into di�culties in per-
forming daily activities. Common age-related mobility challenges such as slower gait
speed, trouble climbing stairs, or rising from a chair are often direct expressions of
sarcopenia's impact. In clinical terms, sarcopenia greatly increases the risk of falls
and related injuries, which are a leading cause of morbidity in the elderly [90]. Mus-
culoskeletal decline due to aging also correlates with longer hospital stays and greater
likelihood of requiring assisted living or nursing care. Notably, older adults with low
muscle mass and poor muscle function experience a substantially reduced quality of
life and a loss of independence in daily tasks. In short, sarcopenia serves as both a
hallmark and a mediator of functional decline in geriatric populations, making it a
critical target for assessment and intervention in order to preserve mobility [89].

Assessing Age-Related Musculoskeletal Changes

Accurate assessment of musculoskeletal aging is essential for identifying individuals at
risk and for monitoring the e�ectiveness of interventions. Traditional clinical assess-
ment of sarcopenia has relied on both functional tests and measures of muscle mass.
On the functional side, gait speed, grip strength, and chair-rise time provide practical
indicators of muscle strength and power in older adults. Low scores on these measures
signal elevated sarcopenia risk. To estimate muscle mass, traditional techniques in-
clude dual-energy X-ray absorptiometry (DXA) and bioelectrical impedance analysis
(BIA). DXA scans can measure lean body mass and have been widely used to de�ne
low appendicular muscle mass in sarcopenia research and diagnosis [91], [92]. BIA
o�ers a quick, non-invasive estimation of muscle mass by measuring the body's elec-
trical conductivity [93]. However, both methods provide only indirect or whole-body
averages of muscle tissue and can be in�uenced by hydration or operator technique.
Moreover, they do not reveal details about muscle quality (such as fat in�ltration) or
the distribution of muscle loss across speci�c body regions.

Other imaging technologies provide more direct and localized assessments of muscu-
loskeletal aging. Ultrasound can visualize muscle thickness and architecture in super�-
cial muscles (e.g. quadriceps), and MRI o�ers high-resolution images of muscle volume
and fat content without radiation. Yet, these modalities are not routinely used for
large-scale screening due to practical limitations � ultrasound is operator-dependent,
and MRI is expensive and time-intensive. In contrast, computed tomography (CT)
has emerged as a powerful and increasingly accessible tool for evaluating muscle aging
[94]. CT imaging can quantify both the quantity and quality of muscle in vivo with
excellent �delity.

One practical advantage of CT in geriatric assessment is that many older patients
undergo CT scans for unrelated medical reasons (e.g. abdominal or chest scans for
diagnostic workups). These existing images can be repurposed in an �opportunistic�
manner to evaluate body composition without additional radiation exposure. For ex-
ample, the cross-sectional area of core musculature at the L3 vertebra on an abdominal
CT is highly representative of overall skeletal muscle mass, and cut-o�s at L3 have been
proposed for diagnosing sarcopenia. Studies have shown that such CT-based muscle
measurements are reproducible and predictive of clinical outcomes, solidifying CT as
a reference standard for muscle mass assessment [95], [96]. Compared to DXA or BIA,
CT provides far greater detail, it can pinpoint muscle atrophy in speci�c muscle groups
and quantify intramuscular adipose tissue that impairs muscle function. By analyzing
cross-sectional slices, one can measure muscle cross-sectional area and calculate indices
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like the skeletal muscle index (muscle area normalized by height) that correlate with
whole-body muscle mass. Importantly, CT attenuation values (in Houns�eld units) of
muscle tissue provide a measure of muscle composition � lower density indicates higher
fat in�ltration and poorer muscle quality, which often accompanies aging and predicts
weakness [97]. These innovative imaging approaches are opening new possibilities for
tracking the progression of sarcopenia and the e�ects of interventions (such as exercise
or nutrition programs) on muscle health.

In summary, the impact of aging on human mobility is intimately linked to mus-
culoskeletal changes, with sarcopenia standing out as a key contributor to frailty and
loss of independence. A solid biological and clinical understanding of sarcopenia's pro-
gression and consequences has underscored the urgency of early detection. Traditional
assessment techniques, while useful, are being augmented and surpassed by advanced
imaging � particularly CT � which o�ers detailed insights into muscle health.

The �rst contribution to this thesis is a case-study paper where an interventional
program is proposed to overcome aging e�ect and sarcopenia and CT scan imaging
is used together with cross-sectional analysis and 3D reconstruction to longitudinally
assess the e�ect of the program onto the subject.

2.1 The Impact of Persevering Home Full-Body
In-Bed Gym Exercise on Body Muscles in Aging

Abstract

Background and Clinical Signi�cance: Sarcopenia, characterized by muscle
loss and fat in�ltration, poses a signi�cant health burden for aging populations.
Quantitative Color 2D and 3D radiodensitometry provides a powerful tool to
monitor muscle quality and quantity through CT imaging. This study assessed
the impact of a ten-year-long home-bed gym exercise intervention on muscle
quality in an elderly subject using CT-derived radiodensitometric analysis. The
study involved two comparative analyses: Study A, which compared knee-to-
ankle CT scans of the subject between 2013 and 2023; and Study B, which
compared the subject's 2023 thigh CT scan with a cohort of 2500 elderly Icelandic
individuals from the AGES-Reykjavik study.
Case Presentation: A 70-year-old male began a home-based Full-Body In-Bed
Gym exercise program in 2013. Quantitative muscle volume and radiodensity
measurements were performed using CT at baseline and after ten years.
Results: Study A shows signi�cant improvements in muscle volume observed
in the knee-to-ankle region, while a slower decline in radiodensity was noted,
indicating substantial preservation of muscle quality despite the expected decay
of ten-year aging. For instance, muscle volume increased by15%in the left Soleus
muscle and by 6% in the right Soleus muscle, while the average radiodensity
decreased by 12�17 HU. The subject's thigh muscle quality at 80-years-old is
above the AGES- Reykjavik's cohort average, with reduced fat in�ltration.
Conclusions: Long-term home Full-Body In-Bed Gym, a low-impact exercise,
can mitigate aging sarcopenia, as evidenced by improved tissue radiodensity and
muscle mass substantial preservation. This suggests potential applications in
personalized healthcare strategies to enhance muscle preservation among aging
populations.



2.1.1 Introduction

Sarcopenia, the age-related decline in muscle strength and mass, signi�cantly impacts
the elderly population's quality of life, increasing risks of falls, frailty, and mortal-
ity [98].

Studies demonstrate that maintaining moderate to high levels of physical activity
throughout life is the most e�ective countermeasure against age-related decline in
muscle health and function [98]. However, a signi�cant portion of the global population
remains largely sedentary, a trend that only intensi�es with age. This widespread lack
of physical activity accelerates the natural decline associated with aging, contributing
to conditions like sarcopenia, reduced mobility, and overall poorer quality of life in
older adults [99].

As a result of the growing interest in diagnosing and monitoring sarcopenia, quan-
titative radiodensitometry using computed tomography (CT), which measures tissue
density based on its attenuation of X-rays during a CT scan, has become a valuable
and reliable tool. This technique allows for a detailed assessment of muscle quality,
including muscle density and the degree of fat in�ltration, providing critical insights
into both muscle mass and structural integrity [100].

This study addresses a signi�cant research gap by providing long-term evidence
about the e�ectiveness of accessible home-based exercise programs, speci�cally the
Full-Body In-Bed Gym, in mitigating sarcopenia in elderly populations. The Full-
Body In-Bed Gym is a home-based exercise protocol designed to address muscle weak-
ness and atrophy, particularly in aging or impaired populations [101]�[103]. Inspired
by established cardiovascular and respiratory rehabilitation protocols for surgical pa-
tients, this regimen adapts those principles into a short (10�20 min) sequence of 10�15
simple, tool-free exercises that can be performed entirely in bed. The exercises include
movements such as hand gripping, ankle �exion, arm and leg cycling, spinal stretching,
and progressive weight-bearing activities, all aimed at enhancing muscle strength, mo-
bility, and overall physical �tness. Starting with as few as 3�5 repetitions, participants
gradually increase to 15�20 repetitions as they build endurance. Over time, the speed
and intensity of exercises are adjusted to maximize their bene�ts.

The program has been shown to be e�ective in improving quality of life and reduc-
ing pain in elderly individuals, with participants reporting signi�cant enhancements
after two months of consistent practice. Furthermore, this program not only o�ers a
practical method for preserving muscle mass and function in the elderly, but it also
provides a signi�cant exercise opportunity for economically disadvantaged populations,
who may not be able to a�ord expensive equipment or gym memberships [101]�[103].

Despite the growing recognition of exercise as a key intervention to combat muscle
loss, there is limited data on the sustained impact of such programs. Here, we explore
the application of quantitative radiodensitometry paired with 2D and 3D imaging to
acquire information about the average X-ray absorption properties of soft tissue and
their distributions as Houns�eld Units (HU). Indeed, while quantitative radiodensito-
metry, including 2D and 3D imaging, has shown promise in assessing muscle health,
its application in aging populations has not been well explored.

This case report aimed to �ll these gaps by utilizing a 10-year longitudinal study
with CT imaging to monitor muscle health outcomes, o�ering a cost-e�ective and
accessible solution for preserving muscle mass and improving quality of life in older
adults.
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The aim of this case report was twofold: (1) to support the fact that the Full-Body
In-Bed Gym program can combat sarcopenia; and (2) to provide further evidence sup-
porting the e�ectiveness of 2D and 3D quantitative radiodensitometry as a monitoring
tool for muscle health in aging populations.

2.1.2 Case Presentation

2.1.2.1 Study Design

This study focused on a 70-year-old male subject who undertook a home-based exercise
regimen for over 10 years. The main objectives were to assess changes in muscle volume
and quality over time using radiodensitometry. The study was divided into two parts:
(1) Study A compared CT scans of the knee-to-ankle region from 2013 and then 2023;
while (2) Study B compared data from a cross-section of a 2023 thigh CT scan with
the data from a cohort of 2700 age-matched individuals from the AGES-Reykjavik
study.

2.1.2.2 Intervention

The home-based Full-Body In-Bed Gym program employed here consisted of
10 exercises performed six times per week. The Full-Body In-Bed Gym program allows
individuals to engage in various exercises from the comfort of their beds, making it
particularly appealing for those with mobility limitations or those who prefer to exer-
cise without getting out of bed. This program typically involves a series of low-impact
exercises that can be performed while lying down, sitting, or even standing next to the
bed. Exercises may include strength training and stretching activities. The subject
performed 10 repetitions of each exercise starting in 2013, which he gradually increased
in intensity and volume over time. Each session lasted between 5 and 15 min.

Figure 2.1 shows one of the ten home Full-Body In-Bed Gym protocol exercises.
The �gure was reprinted with permission from the reference Maccarone et al. 2023 [101].

2.1.2.3 Imaging Protocol

Study A: Knee-to-Ankle Comparison (2013 vs. 2023) CT scans were con-
ducted using a Philips iCT 256 scanner. Baseline scans from 2013 were compared to
scans from 2023, focusing on the region from the knee to the ankle. Both scans
were acquired at 120 kVp, with a voxel size of 0.665 mm and slice thickness of
0.335 mm. Radiodensity and muscle volume were measured using custom segmen-
tation software, analyzing three major muscle groups:Tibialis anterior , Soleus, and
Gastrocnemiusmuscles.

Study B: Thigh Comparison: Longitudinal Case Study (2013�2023) vs.
AGES-Reykjavik Population [104], [105] Images were captured from the mid-
thigh region using a voltage of 120 kVp. This study compared the 2023 CT scan of
the subject's thigh to those of a reference population of 2500 age-matched individuals
from the AGES-Reykjavik cohort. Radiodensity was measured for fat (� 200 to � 10
HU), connective (� 10 to 40 HU), and muscle (40 to 200 HU) tissues. The case study
values were plotted against the AGES-Reykjavik cohort group to assess relative muscle
quality and fat in�ltration.



Figure 2.1: An example of the ten exercises which constitute the home-based Full-
Body In-Bed Gym protocol.

2.1.2.4 Medical History of the Octogenarian

The case study subject was a male, born in Abano Terme, Padua, Italy, on 23 February
1943. His medical history was collected at the beginning of the study, with the main
pathological events including:

In 1969, the subject experienced a vehicular accident that resulted in fractures to
both legs and ankles. A signi�cant complication from the incident was the rupture
of his spleen, which necessitated surgical removal to address the internal bleeding.
He survived as a result of the intravenous infusion of �uids and blood from donors.
Unfortunately, during his subsequent convalescence, he developed transfusion-induced
hepatitis, which delayed the recovery of the skeletal lesions.

Over the next 40 years, he experienced only two episodes of viral �u and has not de-
veloped any COVID-19 infections to date. He has received �ve doses of anti-COVID vaccines.

Despite having no family history of hypertension and only passive smoking expo-
sure, he was diagnosed with asymptomatic arterial hypertension at the age of 40. He
delayed treatment, which ultimately resulted in severe coronary artery disease.

From his medical history recently collected at the Hospital of Rovigo, Italy, we
report the following:
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An 80-year-old man with a history of hypertension and mixed dyslipidemia, treated
pharmacologically since age 45, began experiencing symptomatic e�ort angina at age
68. Coronary angiography revealed signi�cant disease in the right coronary artery
(RCA), left circum�ex artery (LCx), and �rst diagonal branch (D1), leading to per-
cutaneous coronary intervention (PCI) and a drug-eluting stent (DES) placement.
Three years later, he developed a symptomatic popliteal artery aneurysm requiring
surgical exclusion. At a 10-year follow-up, a transthoracic echocardiogram indicated
chronic ischemic/hypertensive cardiomyopathy with preserved left ventricular func-
tion. Holter monitoring showed initial conduction system impairment, including �rst-
and second-degree atrioventricular blocks and frequent ectopic beats. Follow-up coro-
nary angiography demonstrated good patency of the previously implanted DES. His
optimized outpatient cardiology regimen included aspirin 100 mg, Irbesartan 300 mg
once a day, calcium antagonist 10 mg once a day, and rosuvastatin 10 mg.

Despite this strong evidence of a slowly progressive cardiomyopathy, the subject
still performs all regular activities of daily living, engages in light voluntary exercise
(home-based Full-Body In-Bed Gym), and undertakes heavy gardening work.

2.1.2.5 Quantitative Image Analysis

In Study A we compared volumetric CT data taken from knee-to-ankle joints (Figure
2.2).

CT images were analyzed using Mimics 26.0 segmentation software (Materialize,
Belgium).

To assess the e�ect of the intervention, a 3D model of the calves was reconstructed
from the two datasets. An initial thresholding between 0 and 150 HU was performed.
To regularize the borders and eliminate �oating pixels, a closing gap operation with a
gap size of 4 pixels followed by an erosion of 2 pixels was performed. These operations
resulted in a 3D model of the muscles in the calves, including the intramuscular fat and
other tissues inside muscle bundles. The four principal muscles were separated with
a manual splitting tool following their borders over the darker background, and the
volume of each bundle was extracted. At this point, the histogram of each muscle was
drawn, and the HU spanned from� 200 to 200. The contribution of di�erent tissue
types was extracted: fat (� 200 to � 10 HU), connective tissue (� 10 to 40 HU), and
muscle (40 to 200 HU) [106]. The average HU was calculated and stored for further
comparison.

In Study B, we analyzed a mid-thigh CT image cross-section of the Octogenarian
(Figure 2.3). We calculated the average radiodensity of connective, muscle, and fat tis-
sues, extracted with the same threshold introduced before (Figure 2.4), and compared
it with age-matched controls from the AGES-Reykjavik cohort database. The amount
of fat computed in this manner evaluated both intramuscular and subcutaneous fat.
In the AGES cohort, we analyzed the same parameters from 2700 individuals aged 65
to 95 [104], [105].

2.1.2.6 Results

Study A: Knee-to-Ankle Muscle Volume and Density Changes (2013 vs.
2023) Data analysis revealed that muscle volume increased across all studied groups
of muscles within the distal part of the leg, particularly in theSoleusand Tibialis
anterior muscles. The leftSoleus muscle showed a 15% increase, while the right
Soleusmuscle increased by 6% (Table 2.1). Despite the increases in muscle volume, the



Figure 2.2: Muscle segmentation of the Octogenarian: Di�erent region of interest from
the �rst time point in 2013 when he was 70-years-old.

Figure 2.3: Cross-section of the mid-thigh of the Octogenarian. Fat in yellow, connec-
tive in blue and muscle in red.
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Figure 2.4: Radio densiometric pro�le of the cross-section of the mid-thigh of the
Octogenarian in 2023, where the areas of fat, connective, and muscle tissues are colored,
respectively, in yellow, blue and red.

muscle radiodensity decreased (Table 2.2); however, this decline occurred at a slower
pace than reported in the literature about the average muscle radiodensity decay that
accompanies 10 years of aging (see discussion). Indeed, the radiodensity data revealed
a moderate decline in muscle density and increased fat in�ltration. Nonetheless, the
fat in�ltration of the subject remained lower than that reported in the literature [107]�
[117].

Table 2.1: Muscle bundle volumes and their percent change in response to the inter-
vention.

Row Muscle Group Vol at 70 ys (cm 3) Vol at 80 ys (cm 3) % Change

1 Soleus(Left) 463 618 +33%
2 Soleus(Right) 555 542 � 3%
3 Tibialis (Left) 332 361 +9%
4 Tibialis (Right) 351 344 � 2%
5 GastrocnemiusMedial (Left) 194 194 /
6 GastrocnemiusMedial (Right) 143 154 +8%
7 GastrocnemiusLateral (Left) 165 151 � 8%
8 GastrocnemiusLateral (Right) 119 195 +64%

The analysis also revealed that total muscle volume increased in both legs over the
ten years of intervention (15% left leg and 6% right leg). However, not all muscles
underwent the same changes: left leg distal muscles (Soleus and Tibialis muscles)
experienced an increase in volume, whereas on the right leg their volume slightly
decreased (Table 2.1, rows 1 to 4). On the other hand, an opposite scenario was
revealed for theGastrocnemiusmuscles. The left volume decreased less than 10% in
volume while the right Gastrocnemiusmuscle gained almost 65% in volume laterally
(Table 2.1, rows 5 to 8). A graphical representation of these results is pictured in
Figure 2.5.

On the other hand, average muscle radiodensity increased from 12 to 17 HU,
whereas the average fat and connective tissues radiodensity increased from 5 to 17
HU.
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