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Abstract

Human life has an invaluable worth, and its protection has always been a central
priority for healthcare systems.

Recent advances in computerized medical image reconstruction, together
with developments in analysis techniques and computer-assisted diagnosis, have
significantly enhanced medical imaging, enabling more accurate diagnoses and
more targeted treatment strategies.

In this context, Internet of Medical Things solutions, such as telerehabil-
itation, provide concrete answers to many healthcare needs, allowing remote
patient support and ensuring continuity of care. The natural progression of this
path calls for closer collaboration between clinicians and biomedical engineers,
with the goal of developing innovative solutions and helping to transform the
future of healthcare.

Digital processing of biomedical signals and images, once confined to research
laboratories, is now an essential resource in medical applications such as early
disease detection, monitoring, and treatment planning. The aim of this work
is to integrate signal and image processing techniques, together with machine
learning algorithms, into diagnostic practice and telerehabilitation pathways.

Both research directions are introduced simultaneously. Once the technical
aspects have been outlined, their practical implementation is discussed through
examples related to selected diseases.
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CHAPTER 1

Introduction

The historical roots of digital signal processing (DSP) are profound, intertwining
with ancient practices and evolving through significant technological advance-
ments. According to Prandoni and Vetterli [2], they date back to the 25th
century BC' and they are related to the Palermo stone with earliest records of
Nile’s floods observed on the time base of 12 months (naive sampling). Process-
ing of these records was concentrated to prediction of floods fundamental for
watering fields. Nilometers used later were arabic buildings with instruments
measuring the water level to predict climate conditions and to calculate taxes
related to the prosperity of the country. The mathematical fundamentals of
digital signal and image processing methods are based upon numerical analysis
that predates the invention of modern computers by many centuries.

Over time, the convergence of mathematical theory, early computing, and
dedicated electronic systems marked the official birth of DSP. These elements
have fueled the ongoing digital transformation of society, profoundly influencing
technological progress in multiple domains.

In today’s fully connected world, DSP plays a central role in enhancing the
quality and reliability of collected data, while also enabling efficient compression
and transmission of information. Such capabilities have fostered the develop-
ment of increasingly advanced systems for communication and storage. Among
the most impactful application fields is healthcare, where DSP has proven to
be one of the most versatile tools for ensuring safe, effective, and personalized
patient care, spanning from diagnosis to follow-up. Rapid advances in medical
image reconstruction and computer-aided diagnosis have boosted medical imag-
ing into one of the most dynamic scientific fields, where key challenges include
improving image quality, automating analysis, and refining predictive tools. At
the same time, the growing adoption of Internet of Medical Things (IoMT)
solutions has introduced new opportunities for patient monitoring and rehabil-
itation, allowing clinicians to design and continuously update personalized care
plans.

This research project stems from the collaboration between the medical-
clinical and engineering domains, with the overarching goal of leveraging DSP
to support diagnosis and telerehabilitation.

The first research line focuses on ultrasound image analysis for hepatic fi-
brosis staging. The objective is to design a simple yet effective neural model
capable of supervised learning based on multiple patient acquisitions. The pro-
posed method integrates traditional image processing techniques during a pre-
processing stage with machine learning algorithms for classification.



2 Introduction

The second research line presents ReMoVES, an [oMT system developed
at the DITEN Department of the University of Genoa [3] and lies within the
framework of the STORMS project, dedicated to Multiple Sclerosis rehabilita-
tion support.

ReMoVES employs a markerless approach to acquire multidimensional sig-
nals representing patients’ joint movements, enabling the remote monitoring of
prescribed exercises. To support this application, methods for signal segmenta-
tion and analysis are proposed.

In both contexts, signals are directly acquired from real-world sources: in-
frared sensors for motion analysis and ultrasound systems for imaging. However,
such signals are affected by noise, variability, and nonlinear dynamics, which
complicate their processing and interpretation.

The innovative contribution of this work lies in its strategy to address these
challenges by working with contextualized signals, applying adaptive and non-
linear signal and image processing, segmentation methods, attentional focus
mechanisms and artificial intelligence algorithms. Integrating these approaches
improves the accuracy and efficiency of clinical decision-making, biomedical ap-
plications and telerehabilitation platforms, paving the way for more robust and
personalized healthcare solutions.

A more detailed overview of aims of the thesis can be described as follows:

e To perform a comprehensive State of the Art (SoA) analysis of existing
methodologies for the management, analysis, and interoperability of re-
habilitation and diagnostic data, aiming to improve data integration and
clinical workflow efficiency;

e To integrate the tele-rehabilitation system ReMoVES, for the remote treat-
ment and monitoring of multiple sclerosis and its neurological conditions;

e To establish a generalized and adaptable data processing pipeline for clini-
cal practice, incorporating signal and image processing techniques, to sup-
port enhanced medical decision-making, patient management, and remote
therapeutic monitoring;

e To conduct an in-depth analysis of multidimensional and multiparamet-
ric signals acquired from 25 joints using the Kinect sensor [4] during the
execution of motor-cognitive exercises, performed without the direct su-
pervision of the physiotherapist, as a tool to support rehabilitation;

e To extract clinically significant parameters from these signals, considering
their intrinsic noise and non-linearity, by applying adaptive and non-linear
signal processing techniques followed by segmentation procedures, within
a feasibility study framework;

e To perform a comprehensive SoA analysis of current clinical practices and
technological solutions for the diagnosis and management of chronic liver
disease;



e To analyze 2D biomedical image signals for diagnostic support applica-
tions, ensuring that the developed system functions solely as an assistive
tool while preserving the indispensable role and clinical judgement of the
specialist physician;

e To apply adaptive and non-linear image processing methodologies, incor-
porating focus-of-attention mechanisms for the intelligent contextualiza-
tion, segmentation, and interpretation of biomedical images;

e To design and implement a supervised diagnostic framework that com-
bines traditional image processing approaches with contemporary machine
learning techniques;

e To apply the developed methodologies within the clinical context of chronic
hepatic disease, specifically targeting the automated classification of liver
fibrosis based on biomedical imaging data.

In Chapter 2, the SoA revision is presented, with respect to both research
topics addressed in the study. In particular, the importance of images in the
biomedical context is introduced, with a focus on the US and image-derived
data processing, explaining the main processing techniques currently employed
and the issues still open. The context of ICT solutions in healthcare is then
analyzed, with a focus on signals from rehabilitation and assistive technolo-
gies. This is followed by a description of the pathologies under study, with an
overview of their clinical framing. Finally, the integration of advanced com-
putational techniques, such as machine learning alghoritm, within robust and
scalable frameworks suitable for clinical use is presented. In this case too, there
will be a focus on CNNs as the protagonists of the work. Chapters 3 and 4 pro-
vide an in-depth discussion of the methods and materials developed during the
PhD course, outlining the main contributions of this work in diagnostic imaging
and telerehabilitation, respectively. Their application to real-world scenarios
is explored in Chapters 5 and 6, with a particular focus on the diseases intro-
duced in Chapter 2. Finally, Chapter 7 offers both a discussion and insights
into potential future developments of this research.



CHAPTER 2

State of the Art

2.1 Image Domain: Medical Image Processing

The role of images in the biomedical field is unquestionable. They provide visual
representations of specific properties of the human body, generated by different
types of scanners that exploit different physical principles. Medical images rely
on varying shades of gray or colors to encode and transmit information. Ac-
cording to [5], one can define:

e Image: a representation that depicts a map of a measured property.

e Medical Image: an image generated to represent a property of the body
or of an organ for medical purposes.

When an object is projected into the Image Domain, the significance lies
less in the amount of information contained, and more in the quality and clarity
with which it is conveyed. Different imaging modalities exhibit distinct charac-
teristics and applications, offering clinicians a wide range of tools for accurate
and reliable examination. Broadly, these modalities can be divided into two
categories: anatomical imaging, primarily focused on organ morphology (X-ray,
CT, MRI, US), and functional imaging, aimed at capturing metabolic or physio-
logical activity (SPECT, PET, fMRI). In the present discussion, the main focus
is on US, as its central role in the research project and will be covered in a
dedicated section.

Image acquisition is the first step in digital image processing. In this step
we get the image in digital form. Many different imaging techniques have been
developed and are in clinical use. The type of image under analysis consis-
tently affect the processing to be performed. Simplifying, we can say that the
aim of medical image processing is to extract and quantify key features from
imaging data, enabling clinicians to obtain a comprehensive understanding of
underlying pathologies and make more informed decisions. Furthermore, these
processed images often serve as inputs for other automated techniques such as
image segmentation, classification, and disease progression modeling. Medical
image processing deals with the development of problem-specific approaches to
the enhancement of raw medical image data for the purposes of selective visu-
alization as well as further analysis [0].
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2.1.1 Ultrasound Imagery

Ultrasound is a widely used medical imaging tool valued for its non-invasiveness,
safety to the human body, portability, accuracy, and cost-effectiveness. However,
the quality of medical ultrasound, defined by image resolution and contrast, can
be limited by several factors, both physical factors related to image acquisition
and imperfections in the design of the imaging system.

Ultrasound is a mechanical wave with frequency higher than the acoustic
range ; in clinical applications typical range of frequency is 1-15 MHz. The
waves are generated by a transducers (or an array of transducers). As the
US passes though the tissues, small part of its energy is back-scattered to the
receivers due principally to the boundaries between different tissues. Based on
the delay between the transmitted and received wave is possible to retrieve the
location of a tissue (eventually also lesions). This technique share basically the
same characteristic of a sonar. Due to the relatively high ultrasound speed
of propagation, is possible to retrieve an entire image in fractions of second
allowing real-time exams.

The US received signal is modified during its part depending from acous-
tic characteristic of the object under investigation. More in detail, speed of
propagation, density and attenuation coefficient are properties specific for each
medium and a wave that is propagating is affected by the change of one or more
of this tissues properties.

Over the years, ultrasound has found application in numerous specialist
fields: from obstetrics to cardiology [7], from abdominal diagnostics to the
study of musculoskeletal [8] and vascular tissues and have also been used for
many years for the evaluation of patients with CLD due to their ease of use and
wide availability [9]. Conventional ultrasound in B-mode (Brightness mode) re-
mains the most widely used imaging mode, providing two-dimensional grayscale
images based on the intensity of reflected echoes. However, modern ultrasound
includes a number of technological extensions, including Doppler [10] for blood
flow evaluation, elastography [11] for measuring tissue stiffness and contrast
echography (CEUS) [12] for the exploration of microvascular perfusion, par-
ticularly useful in oncology and the management of chronic liver disease. So,
different structures are visualized using a grayscale imaging mode.

Despite the advantages, ultrasound images are known to suffer from struc-
tural limitations that compromise their quality and readability. In particular,
the presence of speckle noise - a granular disturbance due to the constructive
and destructive interference of reflected echoes - reduces contrast and definition
of anatomical contours. To this is added a relatively low contrast resolution
in the deep regions and a significant dependence on operator experience, which
directly affects the quality and interpretation of acquired images.

In recent years, a number of techniques have been developed to address these
challenges. Among these, speckle noise reduction algorithms based on median
filters, anisotropic scattering and wavelet transforms have significantly improved
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the visual quality of images [13] or to consider compound imaging that exploit
different B-scan acquisition with different points of view [14]. At the same time,
methodologies have been proposed for increasing contrast and for automatic seg-
mentation of structures and lesions, using both traditional approaches (such as
thresholds or active contours) and based on machine learning and deep learning
techniques.

The integration of artificial intelligence (AI) and, in particular, deep learning
has been a turning point in recent research on ultrasound imaging. Convolu-
tional neural networks (CNN) and attention-based models have been successfully
applied to automatic ultrasound image analysis, demonstrating significant po-
tential in automated classification of lesions, in organ segmentation and noise
reduction. These techniques have found application in specific clinical contexts,
such as the staging of liver fibrosis, the characterization of thyroid nodules and
the diagnosis of breast pathologies.

However, some significant weaknesses remain. The inherent variability of
ultrasound images, due to different patient morphology, device settings and ac-
quisition technique, is a challenge for the standardization and reliability of auto-
mated systems. In addition, the availability of high quality annotated datasets
remains limited, hampering the development of generalizable and effective mod-
els in heterogeneous clinical contexts.

Future prospects focus on the integration of standardized acquisition pro-
tocols, multimodal data combination (for example integrating ultrasound with
clinical, laboratory or other imaging data), and the development of real-time
artificial intelligence-assisted ultrasound systems. Particular interest is given to
the definition of new quantitative biomarkers derived from ultrasound images,
which can contribute to more personalized and data-driven medicine.

2.1.2 Image-derived Data Processing

Image processing and analysis in pathology is a multidisciplinary area of research
and development. In recent years, biomedical image processing has experienced
unprecedented growth, emerging as a highly interdisciplinary research domain at
the intersection of applied mathematics, computer science, engineering, physics,
biology, and medicine. The integration of imaging technologies into clinical
workflows has transformed diagnostic procedures, enabling clinicians to visu-
alize, quantify, and interpret complex biological phenomena with remarkable
precision [6].

Computer-aided diagnosis (CAD) is a vital computational method in the
medical field, enhancing the efficiency and performance of radiologists, particu-
larly in terms of sensitivity rate ([15]). Current research focuses on developing
medical imaging and analysis systems that employ AI techniques and digital
image processing tools. These systems aim to identify and classify abnormal fea-
tures in medical images and provide visual confirmations to radiologists ([16]).

To have better services and better identification of diseases, it is necessary
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to double medical images such as magnetic resonance imaging (MRI), com-
puted tomography (CT), positron emission tomography (PET), ultrasound and
advanced microscopy. But some of these images contain low intensity and con-
trast which is difficult for doctors to diagnose diseases by observing that the
images are unclear. At the time of surgery, it is very important to identify
problems. For this reason, the improvement of image intensity and edge detec-
tion of objects of interest is a concern in the medical sector. For diagnostic and
research applications, image extraction is required. Correct edge detection and
image optimization are important steps to this end. pixel, local and global are
the three main features of the feature extraction process for an image, where
the visual image feature is mainly based on the pixel value. On the other hand,
edge detection reduces the amount of data and filters out unnecessary data in
an image [17]. The improvement of image greatly increases man’s visual per-
ception. The combined effect of these two processes in a medical image can be
of great help in the field of medicine. So, various moderns researches [18, 19, 20]
are going on to improve the medical imaging system.

It should also be borne in mind that the increase in imaging modes has intro-
duced new challenges in processing and interpreting huge volumes of heteroge-
neous imaging data. These data sets, often multimodal and multidimensional,
require computational methods to extract meaningful information for disease
diagnosis, treatment planning and monitoring.

The image enhancement process consists of several techniques used to en-
hance the visual appearance of an image or to transform it so that it can be
better represented by a human being or a machine. Image processing has two
main objectives. The first is that it will be useful for both people and doctors to
identify patients’ problems by looking at noise-free images, while the second is
that the computer can calculate and process data faster than the human brain.
The detection of the edges of an image is the most important process in image
processing, as these edges contain the fundamental characteristics of the image.
The Sobel operator is a well-established method of edge detection [21]. Islam
and Mondal [22] perform a combination of techniques in which the Laplacian
and Sobel operators and power transformation has been used to achieve a better
result.

Image contrast enhancement is also used for a variety of applications. Most
images, such as medical images, remote sensing images, aerial images and real
life photographs, have poor contrast. Again, the main purpose of contrast en-
hancement is to improve image quality or clarity or enhance interpretability for
human vision. Neighborhood operations are those that combine a small area or
neighborhood of pixels to generate an output pixel. The average filter is used
for smoothing image. Bilateral retinex and sigmoid function are both simple
techniques in which contrast of an image is enhanced [23]. A critical review is
used to classify image enhancement techniques into two categories: techniques
are like spatial domain enhancement and frequency domain enhancement [24].
Ganesan et al. in [25] presented a hybrid approach to contrast enhancement



8 State of the Art

for a medical image. Applying an efficient approach for an adaptive anisotropic
diffusion algorithm, color images and medical images are enhanced using a new
edge —stopping function for an efficient adaptive anisotropic diffusion algorithm
to improve the performance of the an efficient adaptive anisotropic diffusion fil-
ter [26]. Another study, propose a fast algorithm to increase the contrast of an
image locally using singular value decomposition (SVD) approach and attempt
to define some parameters which can give clues related to the progress of the
enhancement process.|[27]

Despite significant progress, biomedical image processing continues to face
critical challenges [0], including image enhancement and restoration, automated
and accurate segmentation of features of interest, classification of image features,
namely characterization and typing of structures, quantitative measurement of
image features and an interpretation of the measurements, development of in-
tegrated systems for the clinical sector, limited annotated datasets, and the
need for real-time, clinically interpretable outputs. Addressing these obstacles
requires the integration of advanced computational techniques—such as deep
learning, image registration, segmentation, and multimodal data fusion—within
robust, scalable frameworks suitable for clinical deployment.

2.1.3 Main Traditional Feature-based Techniques for Liver
Staging

B-mode ultrasound is one of the most widely used tools for assessing liver dis-
ease, thanks to its non-invasive nature, reduced operational complexity, and
widespread availability in clinical settings [28]. However, staging liver disease
using traditional feature-based methods presents numerous challenges, partic-
ularly in the early stages of fibrosis. One of the main challenges inherent in
ultrasound imaging is the presence of speckle noise, which is not a direct repre-
sentation of tissue microstructure but results from the interference of backscat-
tered signals from multiple scatterers. Despite this, the local distribution of
speckle intensity is related to the echogenicity of the underlying tissue and, in
the case of the liver, partly reflects the organization of the hepatic lobules.

Numerous studies have shown that the speckle pattern varies in the presence
of fibrosis, suggesting the possibility of detecting microarchitectural alterations
that are not immediately apparent through visual observation of conventional
B-mode images. In this context, quantitative analysis approaches of the acoustic
structure, such as Acoustic Structure Quantification (ASQ), have been proposed
to statistically model ultrasound signal deviations associated with diffuse patho-
logical processes [29]. However, the assessment of liver parenchyma structure
remains largely subjective and characterized by limited sensitivity, particularly
for the detection of cirrhosis. Retrospective studies have also shown that con-
ventional ultrasound is not a reliable predictor of early or intermediate stages
of fibrosis, especially in patients with chronic viral hepatitis [30].

Diagnostic accuracy can be partially improved by combining echotexture
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analysis with additional morphological features, such as liver surface nodularity
and liver margin configuration [31, 32|. In particular, surface nodularity has
been shown to be more accurate than echotexture alone in the diagnosis of cir-
rhosis, achieving high sensitivity and specificity values. However, this approach
is mainly effective in advanced stages of the disease, limiting its usefulness in
early staging. Better visualization of the liver surface can be achieved in the
presence of ascites, which provides a fluid-tissue interface favorable for morpho-
logical analysis [33]. However, the appearance of ascites is generally associated
with already advanced cirrhosis, reducing the diagnostic value of this condition
in screening or early diagnosis contexts.

In the absence of ascites, the use of the lumen of the hepatic veins as an
internal fluid-tissue interface has been proposed, hypothesizing that the archi-
tectural distortion induced by cirrhosis is reflected in alterations in vascular
morphology [34]. Although preliminary studies have suggested high accuracy
for this approach, subsequent results have shown lower sensitivity than hepatic
surface nodularity. These discrepancies are probably due to differences in the
acquisition technique and the strong dependence on the operator, which limit
the reproducibility of the results.

Further traditional approaches include the use of Doppler ultrasound for
the evaluation of hepatic hemodynamic changes associated with the progression
of fibrosis and cirrhosis [35]. Although the theoretical logic is based on alter-
ations in intrahepatic and portal blood flow, Doppler-derived indices have shown
poor reproducibility and a weak correlation with disease stage. Furthermore,
parameters such as portal vein diameter are characterized by high interindivid-
ual variability and are strongly influenced by technical and respiratory factors,
making it difficult to acquire reliable and repeatable measurements.

A further advancement is represented by contrast-enhanced ultrasound (CEUS),
which uses microbubbles as kinetic tracers for the evaluation of hepatic perfu-
sion [36]. Ultrasound contrast agents have a good safety profile and allow for
a dynamic analysis of the microcirculation; however, the intrinsic differences
between the various agents limit their interchangeability and increase their ap-
plication complexity and costs, reducing their large-scale adoption.

Finally, the growing evidence of a correlation between hepatic parenchymal
pathology and tissue stiffness has led to the development and dissemination
of ultrasound elastography techniques, such as transient elastography, acoustic
radiation force impulse imaging (ARFI), shear wave elastography and strain
elastography [37, 38]. These approaches provide a quantitative estimate of liver
stiffness and have demonstrated good accuracy in the assessment of fibrosis
[39, 40]. However, elastographic techniques are also subject to limitations, in-
cluding the influence of confounding factors and variability between different
technologies and systems.

Overall, while traditional feature-based ultrasound techniques offer advan-
tages in terms of accessibility and safety, they suffer from significant limitations
in terms of accuracy, robustness, and ability to detect pathological changes early.
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These challenges have progressively driven research toward advanced quantita-
tive methodologies and approaches based on machine learning and deep learn-
ing, with the aim of overcoming the limitations of conventional approaches and
improving the noninvasive staging of liver diseases [11, 42, 43, 44].

2.1.4 The AI Revolution in Medical Imaging

Medical image classification plays an essential role in clinical treatment, as doc-
tors often need to use medical images to help diagnose whether there are diseases
in the human body and to quantify the severity of diseases [45]. Before the emer-
gence of deep learning, handcrafted features such as color, texture, image shape,
etc., were widely used in medical image classification [16]. After feature extrac-
tion and selection, traditional machine learning methods such as Support Vector
Machines (SVM), Logistic Regression (LR), Random Forests (RF), etc. were
used for classification [47]. However, manual feature extraction and selection re-
quires a lot of time and effort. Furthermore, the artificial feature-based method
has reached its limit in terms of performance [18]. Deep learning technology,
particularly Convolutional Neural Networks (CNNs), is an emerging machine
learning method that has proven its potential for different classification tasks
[49]. Notably, the CNNs dominates with the best results on varying biomedical
image classification tasks [50, 51] and for study of different organs such a liver
[ , 53, 54]. They are an effective tool for automatic feature extraction, as
hlghhghted in the pioneering work of LeCun et al. [55]. These architectures
allow discriminative representations to be learned and selected automatically
directly from the input data, integrating feature extraction and classification
processes into a single pipeline [56]. This approach reduces dependence on
manual feature engineering procedures, which are often complex and computa-
tionally expensive, and can support the diagnostic process by providing results
in a short time. In general, CNN-based methods show superior performance
compared to traditional approaches, thanks to their ability to effectively learn
relevant features from raw data. For these reasons, CNNs, as a fundamental
component of deep learning, have been widely adopted in numerous computer
vision problems [57], with particular relevance in the field of medical imaging.
CNNs are specialized ANNs that are designed to solve pattern recognition
tasks via machine learning (Figure 2.1). Thus, rather than receiving scalar in-
put, as with dense networks, CNNs receive matrix input, such as images. The
basis for modern CNNs was laid by the neocognitron by Fukushima in 1980 58]
and the time delay neural networks by Waibel in 1987 [59]. One of the first
widely recognized networks was LeNet, a CNN for the recognition of postal zip
codes, designed by LeCun et al. in 1989 [60]. Since then, several variations
of CNN architecture have emerged (AlexNet [61], VGGNet [62], GoogLeNet
[63], ResNet [64]) with the introduction of new datasets, such as MNIST and
CIFAR-10, and competitions such as ILSVRC (ImageNet Large Scale Visual
Recognition Challenge). CNNs are composed of three main components: con-
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volutional, downsampling/pooling and dense layers. In contrast to dense layers,
convolutional layers perform convolution, which means each neuron calculates
weighted sums of a predefined set of inputs for each input rather than forming
a weighted sum for all inputs. The size and weighting of the area is defined by a
convolution kernel, which is shared between all neurons of a layer. This allows
convolutional layers to perform image processing tasks, such as edge and corner
detection. Per convolutional layer, multiple convolution kernels are trained to
perform different processing tasks. To reduce the input dimensionality as well
as to abstract it, each convolutional layer is followed by a downsampling layer.
Whilst different methods for pooling are available, the most commonly used
is maximum pooling, where the maximum of the specified area is used as the
output. In addition, reducing the output dimension of a convolutional layer and
thus subsequently the complexity of the network, it can also help to prevent
overfitting by reducing the availability of raw input information. To be compat-
ible with the dense part of the network, the output of the last downsampling
layer is vectorized before passing. Although CNN has been successfully applied
in many computer vision tasks, its application in medical image classification
still faces many difficulties, such as unbalanced sample categories, small data
sets, small structural lesions, poor model generalization ability, lack of explain-
ability, etc. Furthermore, their image segmentation capabilities are limited: due
to their dense layer, a convolutional network can output a certainty if an object
is contained in an image but not where the object is located. Another limitation
is the detection of multiple different objects in the same image.
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Figure 2.1: Convolutional Neural Networks is a type of Feed-Forward Neural
Networks with hidden layers of convolutional layers.At a higher level,
convolutional layers detect these patterns in the image data with the
help of filters. The higher-level details are taken care of by the first
few convolutional layers.

Faced with these challenges, the research community is constantly exploring
related solutions, with the goal of building AI models that are more consistent
with medical image classification. Gheshlaghi et al. [65] used the superpixel seg-
mentation technique to overcome dimensionality problems for multiple sclerosis
lesion detection. Fang et al. [66] proposed a superpixel segmentation algorithm
to segment two-dimensional bone images and three-dimensional brain images
[67, 68]. In comparison to the older dense neural network, neural networks
with convolutional layers have different advantages: due to the weight sharing,
convolutional layers can process much more input parameters. The performed
convolution also allows each neuron to consider local neighborhood parameter
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relationships rather than weighing each parameter individually, which allows
the network to recognize features, such as edges, corners, and patterns. Ad-
ditionally, the added pooling forces the network to become less reliant on the
input data as part of it is cut at each pooling layer, which might help the net-
work to generalize better. A major drawback of convolutional neural networks
is their dependence on huge datasets for training, as they are neither rotation-,
translation- nor color-invariant. This requires multiple images of the object of
interest in different positions and rotations as well as lighting conditions. This
could partially be alleviated by the introduction of random rotation/translation
into the dataset (data augmentation), but might introduce difficult to detect ar-
tificial artifacts, which could negatively influence the classification results. The
State-of-the-Art therefore highlights how neural networks continue to evolve,
with ongoing research focused on improving their efficiency, robustness, and
applicability to a wider range of problems.

Recently, deep learning approaches appear promising in the domain of med-
ical image analysis. However, in the medical imaging, acquiring the required
amount of data for training the deep learning models remains to be a signifi-
cant challenge when compared to natural images. When deep learning models
are trained with the limited medical data available, deep CNN tends to suffer
from overfitting, and there arise the convergence problems. Because the collec-
tion of numerous samples is cost prohibitive, data augmentation methods have

commonly been used [69, 70]. To address these issues, also a transfer learn-
ing approaches have been applied to deep CNN’s thereby enabling their use in
medical imaging applications with smaller datasets [71, 72, 73, 74]. Therefore,

the specific feature is an essential factor to improve accuracy; only a network
model with proper size and other effective methods preventing overfitting. It
is therefore necessary to find effective methods both to stabilize the training
process and to direct the neural network to extract correct features.

2.2 Internet of Medical Things

A new network infrastructure is being planned and proposed considering con-
tinuous increment of the number of connected devices. The academy and indus-
try proposed a new vision of the Internet with the Internet of Medical Things
(IoMT), considering the next generation of the Internet. IoMT offers intelli-
gence to objects by adding them the capacity to collect and store data from
different types of sensors, to perform actions autonomously based on actuators,
coordinate functions, and share information considering the connectivity among

nodes, for example, [75, 76].
Supporting IoT are remote controls and machine-to-machine (M2M) com-
munication in various industrial sectors [77, 78, 79, 80| including healthcare [31].

Many research companies present perspectives and trends for the future of IoT
as well as research community proposes a Future Internet of Things [32]. Inter-
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national Data Corporation (IDC) predicts that IoT will reach about a US$ 1.7
trillion market by 2020. Gartner expects 25 billion connected devices by 2020
while Cisco mentions about 50 billion. And Harvard Business Review expects
28 billion things connected to the Internet [33].

Healthcare industry is among the fastest to embrace IoT-based solutions. It
is being considered one of the key industry drivers and a special concept for
it, considering the IoT application on e-Health, aka Internet of Health Things
(IoHT). The key benefit of the IoT in the medical domain is connected tech-
nology. Devices are used for assessing patients’ conditions, and monitoring and
supporting rehabilitation, so that a personalized plan of care can be defined and
kept updated. This also fosters continuity of care, enabling a patient to be su-
pervised by a multidisciplinary team even after dehospitalization. This solution
includes a network architecture that allows the connection between a patient
and healthcare. The data input from patients can be collected through sensors
and processed by applications developed for a user terminal, such as computers,
smart phones, smart watches or, even, a specific embedded device. Healthcare
providers may analyze the data from patients in remote locations and request
emergency assistance if necessary.

Among the several implications of using IoT /ICT solutions in the healthcare
domain, both clinical and practical consequences stand out. Traditionally, a
significant portion of physical therapy, rehabilitation, and clinical assessment
has relied heavily on the clinician’s expertise, often based on visual observation
and subjective judgment. This approach, while valuable, can lack the precision
and consistency needed for quantitative analysis and large-scale monitoring.

In recent years, however, advances in sensor technology, wearable devices,
and computing power have enabled the integration of motion capture systems
into clinical practice. These systems support objective evaluation, continuous
performance monitoring, and accurate Range-of-Movement (ROM) measure-
ments. Compared to conventional supervision by rehabilitation specialists, such
systems offer multiple advantages: they allow for precise tracking of joint angles
over time, enable the visualization of complex movements in three dimensions
(3D), support remote or home-based rehabilitation programs, and provide ac-
cess to large datasets that can be used for machine learning, pattern recognition,
and longitudinal analysis.

Within this context, it becomes possible to analyze motion and posture quan-
titatively through the acquisition of a temporal feature signal, denoted as ¥(t).
This signal can represent raw sensor data (e.g., acceleration, angular velocity)
or derived biomechanical parameters (e.g., joint torque, segment orientation).
Assuming that the subject is in a defined postural state, I', specific character-
istics of interest can be extracted. To structure the analysis, we introduce two
key states: a resting state, denoted as Rg, which corresponds to static postures
(e.g., standing, seated rest), and a motion state, denoted as M, which captures
specific dynamic activities (e.g., walking, reaching, lifting). Based on these
definitions, we distinguish between: Instant Features, expressed as ¥(t)|Rg,
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which are extracted during resting conditions and can reflect stability, postural
alignment, or involuntary tremor and Dynamic Features, expressed as U(t)|M,,
which are derived from specific movements and can capture performance metrics
such as velocity profiles, joint coordination, or movement symmetry.

These classifications provide a structured framework for feature extraction
and analysis, supporting greater personalization of treatment plans, early de-
tection of motor impairments, increased engagement in therapeutic activities,
continuous patient monitoring across clinical and non-clinical environments (de-
hospitalization). Finally, IoT is bringing innovations to many segments of the
industry. The world of IoT, includes the development of architectures and plat-
forms, security requirements, policies and regulations that should be taken into
account in future research especially if other technologies, such as big data and
cognitive systems, could fit into this context.

2.2.1 Exergames

Ezergames [34] are digital games designed to promote physical exercise and
support rehabilitation practices. As already highlighted in the 2015 Canadian
Stroke Best Practice Recommendations [85], virtual reality, including both im-
mersive and non-immersive technologies such as gaming devices, can serve as an
adjunct to traditional rehabilitation therapies, offering additional opportunities
for engagement, feedback, repetition, intensity, and task-oriented training. In-
deed, the gamification [36] determines a motivating and engaging environment
in order to keep the patient busy without inducing boredom or fatigue, with con-
sequent frustration and abandonment of therapy. The collection of data during
the exercises is the necessary feature to give the therapist the opportunity to
understand the patient’s behavior, assess fatigue and possibly correct erroneous
attitudes.

2.2.2 Telerehabilitation

Over the last years, the impact of telemedicine is still growing thanks to the
adoption of the concept of continuity of care by the Health Community. Op-
erators have access to all patients’ information, regardless of where they are
located, and this helps to improve access to health services for end users [37].
Along with the societal changes, health-care sector is facing a quick and smart
evolution, both in Europe and in the rest of the world. Some of the big is-
sues, such as aging population, chronic diseases, and spread of disabilities as
stroke and all degenerative diseases have a great impact on health care strate-
gies and care solutions. Advances in internet technologies and the widespread
availability of broadband connections in homes and workplaces have made it
possible to provide telerehabilitation services that were previously economically
or logistically unsustainable. Telerehabilitation can be defined as the applica-
tion of telecommunications technologies to support rehabilitation services [38].
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The type of communication technologies and IT infrastructure used in telere-
habilitation is strongly influenced by the specific nature of the rehabilitation
services provided. The telerehabilitation paradigm is based on the assumption
that reducing geographical barriers improves access to care, opening up new pos-
sibilities for the design and implementation of intervention strategies across the
entire care continuum. The mitigation of distance constraints can be achieved
through different modes of telecommunication, including voice communications,
video systems, and virtual reality environments [39].

In its early stages of development, telerehabilitation was mainly associated
with synchronous interaction models, as opposed to solutions based on asyn-
chronous interaction mechanisms (asynchronous interaction) [90]. However, the
sector is characterized by a dynamic relationship between technological infras-
tructure and the services offered: the availability of new infrastructure enables
the introduction of innovative services, while the emergence of new clinical and
operational needs can in turn stimulate the development of dedicated infrastruc-
ture solutions. Thanks to the new technology solutions, the patient is more and
more attentive and aware of his state of health, trying to maintain the highest
quality of life level [91]. The digital innovation that has involved people’s daily
life, plays a fundamental role in the field of medical rehabilitation and many
medical clinics start to include it as a fundamental therapeutic and commercial
service.

Telerehabilitation is mainly used in physical therapy [92, 93], while neuro-
logical rehabilitation programs have been used, in particular, to monitor the
rehabilitation progress of stroke patients [94]. Various telerehabilitation tech-
niques make use of virtual reality-inspired environments [95, 96], as well as solu-
tions for the rehabilitation of neurological disorders based on the use of robotic
systems and game-based approaches [97]. In numerous application contexts,
telerehabilitation has also been integrated with technologies not strictly related
to rehabilitation, such as remote monitoring of cardiovascular parameters, in-
cluding electrocardiogram (ECG), blood pressure, and oxygen saturation, in
patients with chronic diseases [98]. These solutions fall within a distinct area
of telemedicine known as telemonitoring, which has undergone extensive de-
velopment and significant diffusion in recent years. Finally, some studies have
analyzed the economic aspects associated with the adoption of telerehabilitation,
highlighting its potential contribution to reducing hospitalization costs [99].

In a telerehabilitation context, the patient is provided with systems capable
of remotely giving indications on the prescribed exercises while medical pro-
fessionals can remotely observe the activity performed. An example of this
approach is the markerless/contactless ReMoVES system [100], based on Mi-
crosoft Kinect technology [1], which is capable of acquiring a large amount of
data and signals from which the skeletal joints of the patient’s body are es-
timated and information of clinical interest is extracted. Designed to provide
remote tests for the assessment of patients’ impairments and to provide exercises
to support motor/cognitive rehabilitation, ReMoVES has already been tested
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on neurological [101, , | and rheumatic patients [104] as well as on the
elderly [100].

2.2.3 Technologies Employed in Multiple Sclerosis

The compromise of cognitive functions affects up to 70% of the population
diagnosed with Multiple Sclerosis (MS) and involves specific deficits in domains
rather than a uniform global cognitive decline. Patients with MS (PWMS) may
have difficulties in information processing speed, attention, learning and episodic
memory, executive functions, and visuospatial skills. Cognitive impairment (CI)
can also occur in the early stages of the disease, and about half of the individuals
with disability report minimal or mild cognitive difficulties within the first years
after diagnosis. CI has significant consequences for everyday life and is the main
cause of occupational disability and difficulties in activities of daily living.

Neurorehabilitation is becoming a therapeutic option for patients with mul-
tiple sclerosis, and there is increasing use of technology to make therapeutic
programs more accessible, convenient, and suitable for self-administration. Fur-
thermore, after the COVID-19 pandemic emergency, healthcare professionals are
increasingly integrating tele-rehabilitation techniques to allow patients to par-
ticipate in rehabilitation programs remotely. This approach not only provides
a safe alternative, but can also increase flexibility and accessibility for patients
who may have difficulty attending rehabilitation sessions in person.

The importance of using technology in the treatment of MS has now been rec-
ognized, so much so that several solutions addressing diagnosis, monitoring, and
rehabilitation can be found in the literature [105, 106]. The findings from recent
reviews suggest that rehabilitative exercise can be viewed as a significant com-
plementary therapy for MS [107, 108]. The results of recent reviews indicate that
rehabilitative exercise can be considered an important complementary therapy
for MS, inducing neuroprotective phenomena [109]. The use of new technologies
such as Virtual Reality (VR) and exergames has emerged as a reinforcement tool
for the rehabilitative treatment of people with MS [110]. Systematic reviews on
VR in rehabilitation across various neurological conditions, including MS [111],
suggest that VR serves as a motivating and engaging rehabilitation method, po-
tentially enhancing therapeutic compliance [112]. Additionally, by allowing for
the selection of different exercises and levels of complexity, VR can adapt to the
wide variability in patients’ conditions and disease progression [113]. The use
of markerless sensors has recently emerged as the most easily feasible approach
that avoids the use of wearable systems and can be easily used for the assess-
ment of disabilities and as a support for home rehabilitation by the patient in
full autonomy [114]. In this context, the Microsoft Kinect sensor has proven to
be reliable and effective in telerehabilitation applications also for PWMS [115].

Based on such a past experience, new stakeholder roles have been defined
in close coordination between medical and technical developers to address the
new MS use case target and update related goals and actions. Based on the
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clinical needs of MS patients and the particular types of CI they are affected by,
new activities delivered in form of exergames have been developed to address
functional abilities of attention, memory, executive functions, and information
processing speed. Several studies have shown that patients have a better un-
derstanding of their goals and their physical and mental well-being thanks to
the improved feedback provided by technology, which leads to better practice
and greater involvement in therapy [110]. In addition, technology support also
favors intense and repetitive training that yields effective results in functional
recovery for MS patients [110, ]. Of note, the ToMT technologies can sup-
port patients in taking control of their own MS disease and collaborate more
effectively with the clinical staff [118].

Despite the large interest towards assistive technology in MS, solutions are
still not as widespread as they may be, because of some barriers for patients
in terms of usability and feasibility, and also because of the high costs of some
devices [119]. Indeed, MS patients can experience difficulties in dealing with
technological devices, as well as poor skills in using it [120]. In addition, techno-
logical solutions made up of wearable devices or controllers may require external
support from caregivers, limiting the independent use. Furthermore, the high
cost of solutions hinders the possibility of a large home-based usage.

2.3 Clinical Domains

In this section, a brief description of the diseases taken into account for the
experimental phase is provided. They refer to different areas, chronic hepatic
disease, cognitive diseases, and degenerative diseases.

Chronic Hepatic Diseases

Chronic liver disease (CLD ) is one of the common diseases and about two million
people die from liver disease every year worldwide [121, ]. The severity of
liver fibrosis has an important impact on the treatment of CLD. In the clinic,
the gold standard for fibrosis staging is mainly based on liver tissue biopsy
[123], which, however, presents several contraindications. Therefore, rapid and
effective treatments are needed for the staging of fibrosis with inexpensive and
non-invasive methods.

Hepatic diagnosis and staging is critical for assessing liver health, diagnosing
diseases such as cirrhosis, and planning treatment. Noninvasive methods are
increasingly preferred to reduce the risks associated with invasive procedures
and include: liver elastography in which techniques such as FibroScan (vibration
pulse elastography) or MRI/US elastography (magnetic resonance imaging or
ultrasonography), measure liver stiffness (an indicator of the degree of fibrosis or
cirrhosis) are rapid and widely used in clinical practice, blood tests (Biomarkers)
used as an alternative or complement to elastography and finally Advanced
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radiological imaging. Modern medical practices for liver staging are based on a
combination of non-invasive and invasive techniques. Traditional methods take
a lot of time and effort to extract and select classification features.

Typical methods are elastography-based techniques [124, , , , 128],
are the technologies most used for this purpose, but may depend on the oper-
ator’s experience and therefore they may lead to inconsistent results. In fact,
Shear Wave Elastography (SWE) is a medical imaging technique used to quan-
tify tissue elasticity by analyzing the propagation velocity of shear (transverse)
waves in the region of interest. SWE generates transverse waves, and their
propagation speed is related to tissue stiffness (kPa). Faster propagation in-
dicates a stiffer fabric. The measurement protocol involves a minimum of 10
measurements (is recommended) to ensure statistical reliability. The median
value of these measurements is calculated to represent the stiffness of the tis-
sue. Then, the corresponding Measurement Reliability Index (RMI) is obtained,
which quantifies the confidence in the measurement. A value greater than 0.5
is necessary for a reliable reading. Only measurements with RMI values greater
than 0.5 and IQR/med (interquartile range/median) less than 30 percent are
considered reliable for liver elasticity.

Another method, FibroScan (transient elastography), is a highly accurate
and practical tool for assessing fibrosis in chronic liver diseases, especially ad-
vanced fibrosis and cirrhosis. However, confounding factors such as inflamma-
tion, steatosis, or obesity should be considered, and alternative methods may
be needed for borderline or inconclusive cases.

Other problems in this area relate to access to medical datasets, which are
often more difficult to obtain than other datasets. First, because annotation of
medical images requires significant professional medical knowledge, which makes
annotation very time-consuming, expensive, and rare. Second, medical data are
private and cannot be used publicly without first obtaining certain permissions.
Because of these limitations, it is necessary to have other types of tools.

Multiple sclerosis

Multiple Sclerosis (MS) is a chronic, inflammatory and demyelinating disorder
of the central nervous system (CNS). It is characterized by a deficit of neurolog-
ical functions, including motor, sensory, and cognition, which can be relapsing
and/or progressive in nature [129]. Cognitive impairment (CI) can affect up
to 70% of the MS population. Persons with MS can experience difficulties in
several cognitive domains, including processing speed, sustained and selective
attention, learning and episodic memory, with executive functions compromised
in more advanced, progressive stages [130]. Other cognitive deficits such as vi-
suospatial problems and difficulties with social functioning can also be present
[131]. While more severe cognitive impairment is more likely in persons with
secondary progressive MS, signs of cognitive involvement can be present early
in the disease process. Within the first year of diagnosis, about half of persons
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with MS report having either minimal or mild cognitive difficulties, with greater
complaints over the first decade. Although uncommon, some persons with MS
present with cognitive impairment as their primary symptom. In addition, cog-
nitive issues may be present preclinically [132]. These impairments correlate
closely with brain pathology and can have major consequences for everyday life.
Further, CI is the leading predictor of occupational disability in these patients.
Treatment options remain extremely limited, however, despite an increase in
available interventions. In principle, disease-modifying therapies might improve
cognition in people with MS as these agents are primarily designed to arrest
the disease and prevent relapses, but whether they directly improve cognition
remains speculative [133].

Cognitive and behavioral rehabilitation strategies are designed to enhance
an individual’s capacity to process and interpret information and to function in
all aspects of family and community life. Although the focus on designing and
testing effective cognitive rehabilitation programs for people with MS is a rela-
tively recent phenomenon, the growth in research studies addressing this need
has been substantial over the past decade. As a result, the Italian National MS
Society has recommended remedial interventions and accommodations that can
be made to manage cognitive impairment and improve everyday functioning in
both adult and pediatric MS populations. Such recommendations include more
comprehensive assessment for anyone who tests positive for cognitive impair-
ment on cognitive screening or demonstrates substantial cognitive decline, as
well as neuropsychological evaluation for any unexplained change in academic
performance or behavioral functioning in school-aged children with MS. Evi-
dence suggests that cognitive rehabilitation has a long-term impact well beyond
the treatment period and might enhance cognition in the face of future brain
changes [134]. Such sustained effects have been documented in the literature
on aging, in which cognitive rehabilitation not only improved everyday life ac-
tivities, but also resulted in a 29% reduction in dementia risk ten years after
treatment [134].

2.4 The World of Machine Learning

The aim of this section is not to provide a formal definition or exhaustive classifi-
cation of machine learning methods, nor to outline their theoretical foundations
in detail. These aspects are widely covered in the reference literature and are
beyond the scope of this work. Rather, the intent is to introduce the reader
to the conceptual context in which ML is situated, highlighting its role as a
computational paradigm oriented toward extracting knowledge from data and
modeling complex phenomena.
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2.4.1 The Concept

The biological vision system of humans is an extraordinary mechanism, capa-
ble of performing intricate tasks such as analysis, interpretation, recognition,
and classification of visual patterns with remarkable ease. Emulating these
capabilities through computer vision and artificial intelligence has been a long-
standing goal of medical image processing research. By treating medical images
as structured matrices of data and applying multi-level processing algorithms,
it becomes possible to approximate human-level perceptual analysis and extract
diagnostically relevant features.

The artificial neural network (ANN)-a machine learning technique refers to
a system of interconnected nodes, inspired by biological brain neurons, designed
to mimic human cognition and learning Fig.2.2 — came into prominence in the
mid-20th century, with the development of the perceptron [135]. However, the
ANN was previously limited in its ability to solve actual problems, due to the
vanishing gradient and overfitting problems with training of deep architecture,
lack of computing power, and primarily the absence of sufficient data to train
the computer system. Interest in this concept has lately resurfaced, due to the
availability of big data, enhanced computing power with the current graphics
processing units, and novel algorithms to train the deep neural network. Dif-
ferent types of network architectures have been developed over time to address
different types of data and problems. The first developed types were fully con-
nected neural networks, followed by convolutional neural networks (CNN). Cur-
rently, more complicated networks, such as U-Nets or Generative Adversarial
Neural Networks are also abundant.

Regarding the increase in computing power of graphics processing units
(GPUs), numerous frameworks for a variety of programming languages can be
exploited to use ANNs (Table 2.1). This includes prominent examples, such as
TensorFlow and Torch, and lesser known examples, such as scikit-learn (Table
2.1). Most frameworks are designed to be used without in-depth knowledge of
the underlying functionality and concepts. One example of this approach is the
TensorFlow Estimator classes, which enable model creation and training with-
out the precise definition of learning methods, network layers and activation
functions.

Table 2.1: Selected machine-learning frameworks and their supported program-
ming languages.

Framework Programming Languages
Tensorflow [136] Python, R, Java, C++, Go
pyTorch [137] Python
sklearn [138)] Python
caffe [139] C-++, Python, Matlab
Keras [140] Python, R
SparkMLIib [141] Java, Scala, Python, R
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Figure 2.2: The input is the set of features that are fed into the model for the
learning process. Weights allow you to give importance to those
features that contribute the most to the learning. The job of the
transfer function is to combine multiple inputs into an output value
so that the activation function can be applied. This is done by sim-
ply adding all the inputs to the transfer function. Activation func-
tion introduces nonlinearity into the operation of the perceptrons
to account for variable linearity with the inputs. Without this, the
output would just be a linear combination of input values and would
not be able to introduce nonlinearity into the network. Finally, the
role of bias is to shift the value produced by the activation function.

Instead, with regard to new deep neural network (DNN) training algorithms
we have: supervised learning that involves generating a predictive function by
inferring patterns from labeled training data. In this approach, training data
consist of numerical or nominal feature vectors representing the characteristics
of input data, accompanied by corresponding output labels. When the out-
put variable is continuous, the task is referred to as regression, while in cases
where the output assumes discrete, categorized values, the task is classified as
classification. Conversely, unsupervised learning focuses on identifying hidden
structures or intrinsic patterns in unlabeled data, without reference to prede-
fined outputs. Since the input examples lack explicit labels, the performance
evaluation relies on indirect validation methods rather than objective accuracy
assessments. Semi-supervised learning, combining supervised and unsupervised
learning. In this type of learning, both labeled and unlabeled data are used to
train the Al models needed for classification and regression operations.

Recent studies on this technology suggest its potentially to perform better
than humans in some visual and auditory recognition tasks, which may portend
its applications in medicine and healthcare, especially in medical imaging, in
the foreseeable future.

The ability of a neural network to generalize and model real-world problems
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comes mainly from the following aspects:

e Network Structure: Neural networks are composed of layers of artificial
neurons. Neurons in one layer are connected to neurons in subsequent
layers through weighted connections.

o Weights and Biases: Each connection between neurons has an associated
weight, which determines the importance of the input. Each neuron also
has a bias, an additional value that helps adjust the neuron’s output. The
weights and biases are the parameters that the network learns during the
training process.

e Activation Function: FEach neuron applies an activation function to its
weighted input to produce an output. Activation functions introduce non-
linearity into the model, allowing the network to learn and represent com-
plex relationships between inputs and outputs.

e Backpropagation: During training, the network uses an algorithm called
backpropagation to update the weights and biases. This process involves
calculating the error between the network’s predicted output and the tar-
get value, propagating the error back through the network, and adjusting
the weights and biases to minimize this error.

e Optimization: The network uses optimization techniques, such as the gra-
dient descent algorithm, to find the optimal values of the weights and
biases that minimize the loss function (i.e., the error measure).

e Generalization: The ability of the network to generalize, that is, to perform
well on new data not seen during training, is crucial. This is achieved by
balancing the number of parameters and the volume of training data, and
using techniques such as regularization to prevent overfitting.

In summary, through training, a neural network continuously adjusts its weights
and biases to reduce error and move closer to an optimal solution. This process
allows it to model complex real-world problems and make accurate predictions
or decisions based on the data provided.

2.4.2 Machine Learning as a Support Tool

Machine Learning (ML) is defined as a set of methods that automatically detect
patterns in data, and then utilize the uncovered patterns to predict future data
or enable decision making under uncertain conditions [1412]. ML is a subset of
artificial intelligence (AI). In general, there are three approaches to Al: sym-
bolism (rule based, such as IBM Watson [143]), connectionism (network and
connection based, such as deep learning or artificial neural net), and Bayesian
(based on the Bayesian theorem [1441]). The most representative characteristic
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of ML is that it is driven by data, and the decision process is accomplished
with minimum interventions by a human. The program can learn by analyzing
training data, and then make a prediction when new data is put in. This thesis
focuses on the second type mentioned. Solving many limitations due to the
current availability of big data, the increased computational power of graphics
processing units (GPUs) and new deep neural network (DNN) training algo-
rithms, these deep learning approaches have shown impressive performance in
mimicking humans in various fields, including medical imaging. Since the 1980s,
numerous ML algorithms with different implementations, mathematical bases,
and logical theories have been executed to perform such classification tasks.
Accordingly, several computer-aided detection (CAD ) systems were developed
and introduced in the clinical workflow in the early 2000s [1415]. Supervised
methods, such as Support Vector Machines (SVM), Random Forests, and tra-
ditional neural networks, represented a first step in the application of machine
learning to imaging, demonstrating effectiveness in classification and prediction
tasks based on manually extracted features. At the same time, unsupervised
approaches, based on clustering and dimensionality reduction techniques, have
made it possible to identify latent structures and correlations in the data, prov-
ing particularly useful when expert annotations are scarce or absent.

The rapid development of Al technology requires radiologists to be informed
about this technology in order to understand the capabilities of Al and how it
could change and affect radiological practice in the near future. In fact, machine
learning methods have taken on a leading role in biomedical image analysis,
offering innovative tools to address the growing complexity of diagnostic and
research data. Images produced by different acquisition modalities, such as
magnetic resonance imaging, computed tomography, ultrasound, microscopy, or
digital histopathology, are characterized by high dimensionality and information
content that often exceeds the capabilities of manual interpretation. In this
context, machine learning allows complex patterns to be extracted, modeled,
and interpreted, automating tasks traditionally entrusted to the physician or
researcher’s experience.

It is important to emphasize that the introduction of Al into the clinical set-
ting should not be regarded as a replacement for human expertise, but rather
as a support tool. The intention is not to substitute radiologists, but to au-
tomate specific tasks, thereby enhancing the overall efficiency and effectiveness
of radiological practice. In this sense, Al serves as a complement to the irre-
placeable and highly valuable human skills involved in clinical decision-making.
Relying entirely on them could be a risky choice, as one of the main challenges
associated with neural networks remains their inherent complexity, which often
hinders the interpretability of the results they produce, commonly referred to
as the black box problem. In recent years, some efforts have been made to make
neural networks more interpretable (e.g., through reverse engineering or various
visualization techniques, [146, |); however, as neural networks grow in size
and complexity, the problem is likely to become worse.
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2.4.3 Soft Computing: Machine Learning in Biomedical
Context

In the healthcare field, there is a demand to create an environment where pa-
tients can receive optimal medical and nursing care in a sustainable and efficient
manner. This was definitely the right push to insert soft computing techniques
in healthcare due to their ability to efficiently diagnose diseases, propose suitable
treatments, and deliver superior results compared to conventional approaches.

These techniques exhibit adaptable behavior, which allows them to adapt
their strategies based on the specific problem at hand. Soft computing tech-
niques, including machine learning, have become increasingly popular in health-
care due to their effectiveness in diagnosing diseases, proposing treatments, and
delivering superior outcomes compared to traditional approaches [148]. These
adaptable techniques allow them to tailor their strategies to the specific problem.
ML, a subfield of artificial intelligence, plays a crucial role in soft computing.
It enables systems to learn and improve from experience without explicit pro-
gramming [149]. ML algorithms make informed decisions by leveraging data,
observations, or previous experiences.

Recent advances in ML have highlighted the increasingly central role of these
techniques in clinical processes, particularly with regard to the early diagnosis
and management of chronic and infectious diseases [150, |. In this con-
text, ML has become a key tool for disease prediction, with numerous studies
analyzing a wide range of approaches, including models based on laboratory
biomarkers, symptom data, contextual information, and integrated architec-
tures for managing multiple diseases. Machine learning models based on labo-
ratory test results have been extensively investigated to support the diagnosis
and treatment of noncommunicable diseases [152, |. Although these studies
confirm the importance of clinical biomarkers, many of these models have been
validated on controlled and homogeneous datasets, raising significant questions
about their ability to generalize effectively across heterogeneous populations
and different clinical settings. At the same time, symptom-based data are be-
coming increasingly relevant, especially in scenarios where standardized clinical
biomarkers are not available [154, |. However, despite encouraging results,
symptom-centric approaches are particularly sensitive to noise and data incon-
sistency, as patient-reported information can vary considerably between different
demographic groups and healthcare systems. These studies therefore highlight
both the predictive potential of these methods and their limitations in terms
of reproducibility and cross-context robustness. In this context, the definition
and adoption of robust and clinically relevant evaluation metrics remain crucial
for the effective integration of machine learning techniques into medical practice
[156]. In recent years, there has also been growing interest in the development
of integrated predictive models for the simultaneous management of multiple
diseases [157, , |. Despite these advances, many of these approaches are
evaluated exclusively on limited case studies; moreover, performance tends to
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degrade when datasets are extended to include heterogeneous disease types or
less structured data. It is important to note that most of these solutions aim
to build a single unified predictive model for multiple diseases. Despite the
progress described, a fundamental critical issue remains: the effectiveness of
machine learning models depends significantly on the nature, quality, and con-
text of the data used. Much of the existing literature focuses on specific diseases
or highly homogeneous datasets, limiting the transferability of predictive per-
formance to real-world clinical scenarios. As highlighted in [160], there is a
substantial gap between the theoretical development of models and their actual
clinical applicability.

Deep learning, a subfield of machine learning, is considered a part of soft
computing techniques. Deep learning methods are highly effective when the
number of available data is large during a training stage. Particularly, great
improvements in computer vision inspired the use of deep learning in medical
image analysis (e.g., segmentation, object detection, classification, prognosis
prediction, and microscopic imaging analysis). Among computerized tools, deep
learning-based applications are proving to be the State-of-the-Art foundation,
leading to improved accuracy, which allowed new frontiers in medical image
analysis.

Medical images are different from other pictures where they depict distri-
butions of various physical features of the human body. These medical images
carry different information, and many analytical tasks are related to the in-
dividual quantification of entities in the human body. Medical images provide
information on the anatomy and physiology of different organs, which is required
to precisely diagnose lesions. Recently, the use of big data analytics has sub-
stantially increased in healthcare, with medical imaging playing a key role in it.
Machine learning have dramatically improved the State-of-the-Art in medical
image analysis [161, , ]. Software applications are beginning to be certi-
fied for clinical use [164, 165]. Particularly, deep convolutional neural networks
(CNNs) automatically learn mid- and high-level abstractions from raw data,
which are powerful tools for computer vision tasks, including medical image
analysis. Moreover, the demand for reducing manual costs in various indus-
tries has promoted the growth of automation and computer-aided technologies.
Additionally, the availability of low-cost graphical processing units (GPUs) and
memory from the video-game industry has made it possible to introduce CNNs
with several layers and kernels [166]. Deep learning methods are highly effective
when the amount of data is large for training [167]. However, as for medical
image analysis, usually, the amount of available data from medical institutions
is limited. Additionally, because medical image labeling can be performed by
professional medical practitioners, correctly labeled data are even more scarce.
These factors prohibited the expansion of CNNs in medical image analysis.
Therefore, one of the main challenges in applying deep learning to medical im-
age analysis is the limited number of available training and test datasets to
develop models with high accuracy without suffering from overfitting [167]. To
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reduce overfitting, there are good algorithmic techniques to better train models
(e.g., initialization and momentum [168, 169], rectified linear unit (ReLU) [170],
denoising [171], dropout [172] and dropconnect [173], and batch normalization
[174, ]). Data augmentation techniques are often employed to expand and
balance datasets, enhancing training efficiency as well. For image classifica-
tion, augmentations such as rotations, noise addition, translations, and blurring
are crucial [176]. However, selecting the appropriate augmentation strategy is
essential; excessive modifications can hinder training, as the performance of
CNNs is strongly influenced by the training set. Moreover, to overcome the
aforementioned obstacles, transfer learning is providing great benefits for deep
learning models in medical image analysis [177, 178]. Transfer learning can help
promote deep learning models in less-developed application areas, as well as
less technically developed geographical areas, even when not much labeled data
are available in medical image analysis. Since deep learning techniques have
achieved benchmark performance in numerous medical applications, their use
to achieve further improvements represents a promising direction in medical im-
age analysis, with potentially significant implications for both clinical practice
and scientific research. However, the increase in scientific output in this field
does not necessarily translate into actual clinical advancement. In many cases,
the intensification of research activity is more aligned with academic incentives
than with the real needs of doctors and patients. This can lead, for example,
to a proliferation of studies reporting State-of-the-Art performance on reference
datasets, without bringing concrete benefits to the resolution of the underlying
clinical problem [179, 180].



CHAPTER 3

Image processing techniques for medical
diagnosis

Central to biomedical computing is the use and development of mathematical
models that can capture and predict biological behavior based on image-derived
data. Modern medical images are no longer limited to static visual records,
but are structured and quantitative data arrays on spatial and temporal scales.
This evolution has expanded the potential for complex, data-driven modeling,
offering new insights into disease mechanisms and therapeutic responses. This
chapter introduces the theoretical foundations of the methods developed. In
particular, after a brief introduction on the concept of digital images, their
characteristics and image processing, details on connected filtering, enhance-
ment, edge detection, segmentation and threshold techniques and recognition
problem are reviewed.

3.1 Definitions and Features of Digital Image

A digital image is a two-dimensional array of dots called image elements or
pizels. Each pixel is associated with a discrete value that expresses an intensity.
The physical meaning associated with the intensity of each pixel depends on
the type of sensor that captured the image. In fact, when a machine (scan-
ner) produces a medical image, it is mapping a certain property of the object.
The physical effect of these changes in response to variations is measured by
the sensor, which converts the physical property into electrical signals. These
are commonly characterized by changes in voltage, current, or frequency. The
scanning system has a hardware component that works by adopting a tolerable
limit for distortions (system’s dynamic range) of the image, but also a range of
physical levels to produce useful signals needed for image reconstruction. Ba-
sically, the minimum possible visual distortion is black, while the maximum
brightness is white. These two values represent the two thresholds (minimum
and maximum) within which intermediate levels (gray levels) appear. Setting
the number of gray levels displayed affects the global quality of the image. Gray
level and dynamic range are certainly among the fundamental characteristics of
a digital image.

In image representation we are concerned with the characterization of the
quality that each pixel represents. In general, any two-dimensional feature that
contains information can be considered an image. An important consideration
in image representation is the criterion of fidelity or intelligibility to measure
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the quality of an image or the performance of a processing technique.

3.2 Image Pre-processing

The term pre-processing indicates the set of operators that make an image easier
to understand for a human operator or more suitable for an automatic process-
ing. In particular we consider two main types of operation:

e Restoration devoted to eliminate or reduce image degradations (the in-
formation contained in the output image is improved or completed):

— Correction of geometric distorsions and non-linearities introduced by
the sensor;

— Reconstruction (interpolation) for incomplete data or data affected
by noise;

— Noise filtering (additive, multiplicative, impulsive noise, etc.).

e Enhancement aiming to improve some characteristics of the image for
subsequent analysis or display (emphasizes characteristics already present
in the image):

— Contrast enhancement (histograms, look-up table);

— Pseudocolor (False colors LUT);

— High Frequencies enhancement (sharpening).

In image analysis, pre-processing is often considered a crucial first step,
since the quality of subsequent tasks (such as segmentation, feature extraction,
or recognition problem) strongly depends on how well the input data has been
prepared.

3.2.1 SRAD

In the context of medical imaging, filtering techniques can be used to improve the
clarity and detail of medical images. Filtering is the process of manipulating an
image to alter its appearance. Ultrasound imaging devices due to speckle noise,
it exhibits lower resolution and image quality than other than medical diagnostic
devices. An algorithm using speckle reducing anisotropic diffusion (SRAD) was
then created following [181]. Tt is possible to summarize the various steps:

e compute derivative approximation and Laplacian approximation;
e compute the diffusion coefficient;

e compute the divergence of diffusion function;
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e restore image.

The speckle noise generated in the ultrasound image represents a differ-
ent character from the conventional noise, so this feature is difficult to remove
speckle noise with existing filtering techniques [182]. Since speckle noise in ul-
trasound images interferes with the diagnosis of lesions through the image, this
noise reduction technique in the ultrasound image is an important technology
in medical image processing.

3.2.2 Image Enhancement

In enhancement techniques, the goal is to accentuate certain image features
for later analysis or display. Image enhancement itself does not increase the
intrinsic information content of the data and is useful for feature extraction,
image analysis, and visual information visualization. Let a 2D digital image
be represented by a matrix I of discrete points, which is a functional mapping
I(z,y):

I:2xZ—-N

where Z is the set of integer numbers and N is the set of natural numbers.
The discrete domain is (z,y), where

z=0,..M—1

is the column number and

y=0,...N—1

is the row number. The discrete co-domain is the pixel echographic intensity U,
where
Uelo,L—1],

with L being equal to 256 in the present case of a format comprising 8 bits per
pixel.

Punctual-based processing refers to point operators where the value of each
pixel in the output image depends solely on the value of the corresponding pixel
in the input image, using a linear or non-linear function. These operations are
often based on appropriate transformations of the image histogram, which is
the graphical representation of the occurrence frequency of gray levels:

It is evident that E{};lo h(U) = 1. Moreover, the histogram serves as an
estimate of the statistical distribution of the image’s intensity and tracks the
occurrences of gray levels.

The use of point operators makes it possible for the value of each pixel in
the output image to depend only on the value of the corresponding pixel in the
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input image, via a linear or nonlinear function. Considering the histogram of
an image, it describes the statistical distribution of gray levels, i.e. it traces the
occurrences of gray levels: h(l) = numPizel with [ =0+ L — 1.

It is usually displayed as a bar graph where each bar (corresponding to one
of the possible intensity values) is the count of pixels that in the image have
that associated value.

The distribution histogram is modified by appropriate functions, in order
to enhance certain features (Fig. 3.1). A classical histogram operations is
contrast stretching that through piecewise linear functions (windowing, thresh-
olding, etc...) map each gray level to another gray level by a predetermined
transformation (Eq.3.1):

aU, 0<U<a

V=gU)=1< BU—-a)V,, a<U<b (3.1)
WU =b)Vy, b<U<L-—1

where the slopes «, 3, v determine the relative contrast stretching.

Figure 3.1: Piecewise histogram contrast transform. In abscissa, the original
gray levels I, : (x,y) — U are shown; in the ordinate axis, the
output intensity I,y : (x,y) — V is shown.

Contrast stretching enhances image quality by adjusting intensity values to
span the full range allowed by the image format. This process modifies the
distribution of pixel intensity values, making finer details more distinguishable,
especially those that may be difficult for the human eye to perceive. The greatest
difficulty in image enhancement is quantifying the criterion for enhancement.

In this thesis, contrast enhancement is used to improve the clarity of blurred
images and overall image quality.
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3.3 Symbolic Features

3.3.1 Edge Detection Operators

The edge of objects forms the most important part of the structure hierarchy
that links the raw data of an image to its interpretation. The detection operation
consists of two main phases:

1. Each pixel is associated with a value that represents the possibility of
being an edge point;

2. A binarization step is then performed according to more or less complex
criteria.

Edge models are theoretical constructs used to describe and understand the
different types of edges that can occur in an image. These models help in
developing algorithms for edge detection by categorizing the types of intensity
changes that signify edges. The basic edge models are Step, Ramp and Roof. A
step edge represents an abrupt change in intensity, where the image intensity
transitions from one value to another in a single step. A ramp edge describes
a gradual transition in intensity over a certain distance, rather than an abrupt
change. A roof edge represents a peak or ridge in the intensity profile, where
the intensity increases to a maximum and then decreases.

In order to measure dissimilarities between neighbors pixels the smallest
window is made of two pixels. In this way, it’s possible measure the difference
between the two pixels gray levels (Eq.3.2 and Eq.3.3). When the difference is
large we say we have an edge passing between the two pixels.

d

d ~

gy @y =@y +1) = I@y) (3:3)
which translate respectively into the masks (o kernel): [+1 —1x] { +11*]

Depending upon the kernel matrix, there are various methods of edge detec-
tion techniques.

The first derivative of an image measures the rate of change in pixel intensity.
It is useful for detecting edges because edges are locations in the image where
the intensity changes rapidly. In image processing this all translates into using
differential operators, which are based on the use of FIR filters implemented with
appropriate derivative masks that enhance the high-frequency content of the
image. First order Differential (Gradient) methods for edge-detection are non-
linear methods, based on indipendent convolutions with two directional masks,
approximate calculation of the gradient magnitude and direction, thresholding
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step. These techniques utilize gradient information and direction to detect edges
within images. How said before, filters play a crucial role in edge detection.
Gradient-based methods such as Roberts, Prewitt, and Sobel leverage specific
filter matrices to detect edges by analyzing changes in intensity or color gradients
across the image.

This approach is better than linear high-pass filtering since it performs a
balancing between the results of the two directional filters, thus reducing the
influence of noise.

The gradient magnitude is calculated for each point of the image, then a
thresholding is applied to decide which pixels are to be considered edges. Main
problem of methods based on thresholding is the difficulty of establishing a
proper threshold value; a too low value implies a greater influence of noise on
the final result, as well as an excessive thickness of the contours, viceversa, a
too large threshold value affects the identification of the feeble contours.

In addition to Gradient-based edge detection techniques, there are also Gaussian-
based techniques that first use smoothing filters to smooth the image pixels and
then make them noise-resistant. The Canny operator and Gaussian Laplacian
are widely used for edge detection.

Edge detection is widely used for object recognition, that is, it helps to iden-
tify objects in images (e.g., car, face or text detection), for feature extraction,
which is essential for artificial intelligence, machine learning and computer vi-
sion, in medical imaging to detect tumors and abnormalities, in motion detection
they help to track objects in videos (e.g., in surveillance cameras), and finally
in autonomous vehicles it is used for lane detection and obstacle recognition.

3.3.2 Segmentation

Image segmentation is defined as a partitioning of an image into regions that
are meaningful for a specific task; it is a labeling problem. A region could cor-
respond to an object in the image, or a significant part of it. The information
contained in an image can be seen as a composition of spatial events, where each
event is a set of pixels. Segmentation is one of the first steps leading to image
analysis and interpretation. The goal is easy to state, but difficult to achieve
accurately. Image segmentation approaches can be classified according to both
the features and the type of techniques used. Features include pixel intensities,
edge information, and texture, etc. Techniques based on these features can be
broadly classified into structural and statistical methods. Structural methods
are based on the spatial properties of the image, such as edges and regions. Var-
ious edge detection algorithms have been applied to extract boundaries between
different brain tissues. However such algorithms are sensitive to artifacts and
noise. Region growing is another popular structural technique. In this approach,
one begins by dividing an image into small regions, which can be considered as
seeds. Then, all boundaries between adjacent regions are examined. Strong
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boundaries (in terms of certain specific properties) are kept, while weak bound-
aries are rejected and the adjacent regions merged. The process is carried out
iteratively until no boundaries are weak enough to be rejected. However, the
performance of the method depends on seed selection and whether the regions
are well defined, and therefore is also not considered robust. Statistical meth-
ods label pixels according to probability values, which are determined based on
the intensity distribution of the image. Gray-level thresholding is the simplest,
yet often effective, segmentation method. In this approach, structures in the
image are assigned a label by comparing their gray-level value to one or more
intensity thresholds. A single threshold serves to segment the image into only
two regions, a background and a foreground. Sometimes the task of selecting a
threshold is quite easy, when there is a clear difference between the gray-levels
of the objects we wish to segment.

3.3.3 Thresholding

Thresholding is the simplest segmentation technique. Tipically, the image his-
togram is analyzed by considering the point of minimum between two peaks:
this value is chosen as the threshold value. The value 1 is assigned to pixels
having a value greater or equal to the threshold value; the remaining pixels are
associated with the 0 value. Given the original image Input(i, j), and the image
after the thresholding phase, Output(i, j), we have:

1 is Input(i,j) > threshold

OUtPUt(Z7J) = { 0 s Input(zv‘]) < threshold (34)

3.4 Recognition Problem

The Recognition Problem refers to the challenge faced in distinguishing back-
ground and foreground images accurately under less deal conditions.
The steps to follow within this problem are as follows:

e Conditioning: The image is modified to remove information that does not
interest you or to improve some characteristics of the images.

e Labeling: The labeling operation determines for each pixel the event in
which it is involved. Image labeling is a general framework in image pro-
cessing, consisting of associating each pixel in the image with a label from
a finite set. The meaning of such label depends on the problem under anal-
ysis, and could either be semantic, as in classification tasks, or numerical,
as in segmentation tasks, where it represents the belonging region. A typ-
ical example of labeling on grayscale images is the thresholding operation
which assigns a label value of 1 to all pixels that have a gray level greater
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Figure 3.2: A zoom workflow of recognition problem.

than a threshold value. We get a binary image in which the value 1 in-
dicates the pixels belonging to the object of interest while all the other
pixels are assigned the label 0 (Fig. 3.2).

e Grouping: After the labeling operation that tags pixels as pertaining or
not to an object, the operation of grouping follows. Connected pixels with
the same label are grouped. This operation carries out a transformation
on the elementary processing unit: from single pixels we arrive at a region,
i.e, a set of neighbouring pixels. Regions are said connected components,
and are located using a suitable operator. Such operators have a binary
image as input and a symbolic image as output in which the label assigned
to every pixel is an integer which identifies the region to which the pixel
belongs. Two pixels p and ¢ with the same label f belongs to the same
connected component C' if there is a sequence of points (po,p1, ..., Pn) of
value f belonging to C' where py = p and p,, = ¢ and p; is neighbour to
pi — 1) for i = 1,...,n. Based on the operator we are using there are
4-connected or 8-connected regions (Fig.3.3).

e Feature Extracting: For each region identified through grouping, various
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properties (features) can be calculated (area, spatial moments, etc.); they
depend on the grey levels of the pixels belonging to the region and their
spatial arrangement. For each region a features vector is created.

e Matching: A meaning can be given to a region when there is a perceptual
grouping which allows to interpret the set of pixels as an already known
object. Matching operation determines the interpretation of a set of pixels,
associating 3-D objects or 2-D shapes.

[ o e 0
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4-connectivity 8-connectivity

Figure 3.3: Example of 4-connected or 8-connected regions.

3.5 Model Evaluation

In Machine Learning, the efficacy of a model is not just about its ability to
make predictions but also to make the right ones. As described in Section
2.4.3, it is essential to select the appropriate augmentation strategy; excessive
modifications can hinder training, as CNN performance is strongly influenced
by the training set.

In the current work, we have found that traditional data augmentation meth-
ods are insufficient, and the direct application of a CNN does not yield satis-
factory performance, especially when the database is of a limited size. After
training and validating the supervised classification model, its performance was
evaluated by calculating accuracy, precision, and recall for binary and three-
class classification. Accuracy is a measure of the overall correctness of a model
across all classes. The most intuitive metric is the proportion of true results
in the total pool. True results include true positives and true negatives. Accu-
racy may be insufficient in situations with unbalanced classes or different error
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costs. Precision and recall fill this gap. Precision measures how often predic-
tions for the positive class are correct. Recall focuses on what you are interested
in capturing or rather measures the model’s ability to find all positive cases in
the dataset. This makes recall crucial when false negatives are expensive or
dangerous. In addition, the mean absolute error (MAE) was calculated. This
metric was chosen because it is easy to interpret and resistant to outliers. The
confusion matrix maps predicted results to actual labels, with C(p, ¢) denoting
predicted class p versus actual class c.
The following metrics were used:

e Mean Absoulte Error of the predicted classes:

Ny
MAFE = Nit ; |ce; — pei (3.5)

where cc; is the correct class number of the iy, element, pc; is its predicted
class number, V; is the size of the test set, as defined in Section 5.3 in the
description of Data Augmentation.

e Overall Accuracy:

>, Cp:p)

accuracy = |T| (3.6)

is the ratio between the confusion matrix trace and the total tested cases
(proportion of correct predictions).

e Precision for each class p is

TP(p)
TP(p) + FP(p)

where T'P(p) is the True Positive value from the confusion matrix (i.e,
TP(p)=C(p,p)) and FP(p) is the False Positive occurrence:

FP(p)= Y C(p,c) (3.8)

¢, c#p

Precision = (3.7

e Recall is a measure of how many of the positive cases of a class ¢ are
correctly predicted, as compared with the positive cases in the class.
TP(c)

Recall = m

(3.9)

where F'N(c) is the False Negative occurrence:

FN(c) = Z C(p,c) (3.10)

p,c#£p



38 Image processing techniques for medical diagnosis

e Fl-score is a measure combining both precision and recall and is generally
the harmonic mean of the two.

3.6 Machine Learning

Neural networks are a subset of machine learning, and they are at the heart
of deep learning algorithms. They are comprised of node layers, containing an
input layer, one or more hidden layers, and an output layer. Each node connects
to another and has an associated weight and threshold. If the output of any
individual node is above the specified threshold value, that node is activated,
sending data to the next layer of the network. Otherwise, no data is passed
along to the next layer of the network.

3.6.1 Convolutional Neural Network

Convolutional neural networks use two and three-dimensional data for image
classification and object recognition tasks. Prior to CNNs, manual, time-consuming
feature extraction methods were used to identify objects in images. However,
convolutional neural networks now provide a more scalable approach to image
classification and object recognition tasks, leveraging principles from linear al-
gebra, specifically matrix multiplication, to identify patterns within an image.

They have three main types of layers, which are: Convolutional layer, Pool-
ing layer and Fully-connected (FC) layer. The convolutional layer is the first
layer of a convolutional network. While convolutional layers can be followed
by additional convolutional layers or pooling layers, the fully-connected layer
is the final layer. With each layer, the CNN increases in its complexity, iden-
tifying greater portions of the image. Earlier layers focus on simple features,
such as colors and edges. As the image data progresses through the layers of
the CNN, it starts to recognize larger elements or shapes of the object until it
finally identifies the intended object.

In a convolutional layer a feature detector, also known as a kernel or a filter,
which will move across the receptive fields of the image, check if the feature
is present. This process is known as a convolution. The feature detector is
a two-dimensional (2-D) array of weights, which represents part of the image.
While they can vary in size, the filter size is typically a 323 matrix; this also
determines the size of the receptive field. The filter is then applied to an area
of the image, and a dot product is calculated between the input pixels and the
filter. This dot product is then fed into an output array. Afterwards, the filter
shifts by a stride, repeating the process until the kernel has swept across the
entire image. The final output from the series of dot products from the input
and the filter is known as a feature map, activation map or a convolved feature.

Note that the weights in the feature detector remain fixed as it moves across
the image, which is also known as parameter sharing. Some parameters such as



3.6 Machine Learning 39

the weight values, adjust during training through the process of backpropagation
and gradient descent. However, there are three hyperparameters which affect
the volume size of the output that need to be set before the training of the
neural network begins. These include:

1. The number of filters affects the depth of the output.

2. Stride is the distance, or number of pixels, that the kernel moves over the
input matrix.

3. Zero-padding is usually used when the filters do not fit the input image.

After each convolution operation, a CNN applies a Rectified Linear Unit (ReLU)
transformation to the feature map, introducing nonlinearity to the model.

The pooling of layers, also known as downsampling, reduces the number of
parameters in the input. While a lot of information is lost in the pooling layer,
it also has a number of benefits to the CNN. They help to reduce complexity,
improve efficiency, and limit risk of overfitting.

The name of the full-connected layer aptly describes itself. As mentioned
earlier, the pixel values of the input image are not directly connected to the
output layer in partially connected layers. However, in the fully-connected layer,
each node in the output layer connects directly to a node in the previous layer.
This layer performs the task of classification based on the features extracted
through the previous layers and their different filters.

3.6.2 Support Vector Machine

A SVM is a supervised learning technique from the field of machine learning
applicable to both classification [183] and regression. Such a model can be used
either for binary and multi-class classification, by switching to the one-to-one
or one-to-rest formulation[184]. The SVM algorithm is widely used in machine
learning because of its ability to handle both linear and nonlinear classification
tasks.

Support Vector Machine (SVM) Terminology:

e Hyperplane: A decision boundary separating different classes in feature
space, represented by the equation wzx + b = 0 in linear classification.

e Support Vectors: The closest data points to the hyperplane, crucial for
determining the hyperplane and margin in SVM.

e Margin: The distance between the hyperplane and the support vectors.
SVM aims to maximize this margin for better classification performance.

e Kernel: A function that maps data to a higher-dimensional space, enabling
SVM to handle non-linearly separable data.
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e Hard Margin: A maximum-margin hyperplane that perfectly separates
the data without misclassifications.

e Soft Margin: Allows some misclassifications by introducing slack variables,
balancing margin maximization and misclassification penalties when data
is not perfectly separable.

e C: A regularization term balancing margin maximization and misclassifi-
cation penalties. A higher C value enforces a stricter penalty for misclas-
sifications.

e Hinge Loss: A loss function penalizing misclassified points or margin vio-
lations, combined with regularization in SVM.

e Dual Problem: Involves solving for Lagrange multipliers associated with
support vectors, facilitating the kernel trick and efficient computation.

The formulation of the standard SVM [185] is defined as a maximum margin
classifier, that is, a classifier whose decision function is a hyperplane that max-
imally separates samples from different classes. Notationally, given a labeled
training data set:

{$i7yi}i:1n
where
x; € RN
and
Y; € {—1,+1}

and given a nonlinear mapping ¢(.), the SVM method solves the following:

: 1o -
g}gZ{QIIwII +C;&}, (3.11)

constrained to:

yi ({p(x1)), w + b) 2 1-& Vi=1,..,n (3.12)
§& >0 Vi=1,...,n

where w and b define a linear classifier in RV since z; are in RN and &; are
positive slack variables enabling to deal with permitted errors.

Note that minimization functional contains two terms with clear meaning:
we try to minimize the committed errors, Z?zl &;, while minimizing the norm
of the model weights, ||w||®, which can be shown to be equivalent to the maxi-
mization of the margin (separation between classes). Note that one could just
maximize the margin without paying attention to committed errors. This would
give rise to the maximum margin SVM. By including the slack variables &; one
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relaxes the problem and the solution is called the soft-margin SVM, which min-
imizes the training error traded off against the margin. An appropriate choice
of the nonlinear mapping f guarantees that the transformed samples are more
likely to be linearly separable in the (higher dimension) feature space. The reg-
ularization parameter C controls the generalization capability of the classifier,
and it must be selected by the user. The problem is solved using its dual prob-
lem counterpart, and the decision function for any test vector z* is finally given
by

flzy) = sgn(z vii K (24, 2.) +b), (3.13)

where «; are the Lagrange multipliers corresponding to the constraints in Eq.
3.12, being the support vectors (SVs) those training samples xi with a nonzero
Lagrange multiplier o; # 0; K(z;,2.) is a function in x, with parameter z;;
and the bias term b is calculated using any of the constraints corresponding to
an unbounded Lagrange multiplier, as

b= Z(yi — (¢(zi), w)), (3.14)

T =

where k is the number of unbounded Lagrange multipliers (i.e., 0 < o; < C
being a; # 0) and w =Y.' yia;d(x;).

To sum up, a SVM constructs a hyper-plane or set of hyper-planes in a high
or infinite dimensional space, which can be used for classification, regression
or other tasks. Intuitively, a good separation is achieved by the hyper-plane
that has the largest distance to the nearest training data points of any class
(so-called functional margin), since in general the larger the margin the lower
the generalization error of the classifier (Figure 3.4).
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Figure 3.4: The figure shows an example of the decision function for a linearly
separable problem, with three samples on the margin boundaries,
called support vectors.

Linear SVMs are used with linearly separable data; this means that the
data does not require any transformation to be separated into different classes.
Mathematically, this separating hyperplane can be represented as:

wr+b=0, (3.15)

where w is the weight vector, = is the input vector, and b is the bias term. There
are two approaches to calculate the margin, or the maximum distance between
classes, which are hard-margin classification and soft-margin classification. If
we use a hard-margin SVM, the data points will be perfectly separated outside
the support vectors. This is represented by the formula:

(wzj +b)y; > a, (3.16)
and then the margin is maximized, which is represented as:
a
max = —, (3.17)
v

where a is the margin projected onto w.

Soft-margin classification is more flexible and allows some misclassification
through the use of reserve variables. The hyperparameter C' adjusts the margin;
a larger value of C' narrows the margin for minimal misclassification, while a
smaller value of C' widens it, allowing more tolerance for misclassification data.



3.6 Machine Learning 43

However, most data in real-world scenarios are not linearly separable, and
that’s where nonlinear SVMs come in. To make data linearly separable, pre-
processing methods are applied to the training data to transform it into a multi-
dimensional feature space. That said, multidimensional spaces can create more
complexity, increasing the risk of overfitting the data and becoming compu-
tationally expensive. The kernel trick helps reduce some of that complexity,
making the computation more efficient, and it does so by replacing the dot
product calculations with an equivalent kernel function.

There are several types of kernels that can be applied to classify data. Some
popular kernel functions include: Polynomial kernel, RBF kernel (also known as
Gaussian kernel) and Sigmoid kernel. When training an SVM with the Radial
Basis Function (RBF) kernel, two parameters must be considered: C and 7.
The C parameter, common to all SVM Kkernels, balances the misclassification of
training examples with the simplicity of the decision surface. A low C' makes the
decision surface smooth, while a high C' aims to correctly classify all training
examples. I' defines how much influence a single training example has. The
larger the -, the closer the other examples must be to be affected.



CHAPTER 4

Signal Processing Techniques for
Telerehabilitation

In this chapter, will be examined at the types of signals that can capture patient
movements, along with a quick overview of the kinds of noise that often show
up in these recordings. Will also be go over the key features that can be pulled
from the collected signals. The Kinect v2 sensor utilizes time-of-flight (ToF)
technology, recognized as the standard for understanding human motion.

4.1 Microsoft Kinect

The Microsoft Kinect v2 is a motion sensing markerless input device based on
a high-resolution RGB camera and an infrared ToF camera for depth analysis.
A depth sensing camera automatically detects the presence of any nearby object
and measures its distance to it. One of the most popular and commonly used
depth technologies is the ToF; this term refers to the time taken by light to
travel a given distance. ToF cameras work based on this principle where the
distance to an object is estimated using the time taken by the light emitted to
come back to the sensor after reflecting off the object’s surface. A ToF cam-
era, like Microsoft Kinect, can ensure patient anonymity in remote monitoring
setups as their movements can be detected by acquiring depth data only and
not RGB camera data, thus ensuring their privacy. The Microsoft Kinect of-
fers a wide field of view (70x60 degrees) and recognition up to 4.5 [m] from
the device [186]. Several studies have demonstrated that through the Microsoft
Kinect _v2 spatio-temporal parameters can be validly obtained [187, | and
can be also a satisfactory tool for rehabilitation due to its low cost and adequate
spatial accuracy (with an order of magnitude of centimeters) [189]. The set-up
of the interface between the Microsoft Kinect v2 and the Unity3D engine is
effortless because the manufacturer provides a Software Development Kit (SDK)
and a Unity add-on, which gives developers access to body joint positions and
orientations that can be used directly in rehabilitation game development. In
ReMoVES the data and signals from the tracked user’s body are recorded at a
frequency of 10 Hz.
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4.2 Kinect Joint Signals

A stochastic (or random) process is a mathematical description that links each
possible outcome of an experiment to a function that changes over time. Every
time the experiment is repeated — called a trial — it produces one possible
version (or realization) of the process. In this context, the 3D signal representing
joint j — th in space (z,y, z), captured by the Kinect infrared depth sensor, is
expressed as:

{z; (1)}
{vi®)} = [{y; (D)}, (4.1)

{z®)}

with j € 1,...,25, Figure 4.1.

More specifically, this is a digital signal recorded at discrete time intervals:
vj(t) = v;(kTs), where the sampling frequency is f; = 30 Hz and the sampling
period is T = 0.03 s.

From these basic joint signals, many other useful measurements can be de-
rived to analyze human movement. For example, it’s possible to calculate dis-
placements and trajectories in 3D space, on a specific plane, or along an axis,
as well as determine speed, acceleration, and more. The distance, speed, and
acceleration of individual points — or groups of points — can be measured in
a similar way. Additionally, angles between joints can be computed from their
3D coordinates.

A time-dependent feature, denoted as 1(t), can be defined to represent either
one of these basic signals or any quantity derived from them.

When analyzing movement, it’s common to consider the person in a specific
postural state, labeled I'. The statistical properties of a random process — like
mean or variance — are only meaningful if the process is stationary, meaning its
behavior doesn’t change over time. For complex, real-world signals like human
motion, stationarity typically holds only when the signal is conditioned to a
specific state, such as being at rest or performing a particular action.

To reliably analyze these signals and develop appropriate models for both
the movement and any noise in the data, it’s essential to set clear operating
conditions. These conditions are equally important for all later stages of signal
processing and analysis.

The three components of the signal v;(t) are considered independent, and
under the assumption of stationarity, their average power is denoted by Sfj For
example, along axis ¢, the mean power of joint j, conditioned to a state I, is:
S20 = B{u2 (1)|T}.

Stationarity is also a key requirement to verify ergodicity, a property that
allows using time averages as substitutes for expected statistical values.

Finally, using advanced reconstruction techniques, markerless sensors like
Kinect can generate 3D signals representing various points on the human body
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Figure 4.1: Joints tracked by Microsoft Kinect sensor.
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— points that may correspond not only to the outer surface but also to an
internal skeletal model.

4.3 Noise Model

The major signal noise sources in real applications are classical additive noise
and multiplicative noise, as described in Equation 4.1 for the j—th joint acquired
by a generic sensor as an example:

{vi()} = {vi; (O} = {(vB;(t) + n;(t)} - {m;(#)}, (4.2)

where v;(t) is the acquired signal, vg;(t) is the noise-free signal, n;(t) is the
additive noise and m;(¢) is the multiplicative noise used to describe jitter and
nonlinearities.

4.3.1 Additive Noise

The multidimensional additive noise, denoted as {n;;(t)}, represents a zero-
mean 3-component vector signal for each joint j:

ng;(t)
7ij(t) = |ny;(t) | ={ni; ()} (4.3)
nzj(t)

This type of noise is typically independent of the signal itself and is often
assumed to be independent and identically distributed (IID). This implies that
the covariance matrix is expressed as:

2, =E [f;(t) - k()] = E [ng(t) - nu(t)] Vi, §, 1,k (4.4)
where it results in a diagonal form:

2

g
Mij

= constant Vi, j (4.5)

4.3.2 Impulsive Noise

Among the various models for impulsive noise, one of the most widely used is the
Poisson-Gaussian model. In this case, a sequence of Dirac pulses is generated
according to a Poisson point process. Let {b(¢)} be this sequence, which is then
amplitude modulated by an independent Gaussian random process {a(t)}.
This modulated sequence is then fed into a linear time-invariant (LTT) sys-
tem, whose impulse response is defined as a rectangular pulse of duration T":

t

h(t) =11 (T) (4.6)
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The resulting output can be expressed as:

+0o too
{w(t)}:{ > a.h(t—tm)}:{ > a-n<t_Ttm>}, (4.7)

m=—0o0 m=—oo

where the pulse occurrences t,, are randomly distributed in time, following
a Poisson process with a rate parameter A. The amplitudes a are drawn from
a Gaussian distribution, and the pulses have a fixed rectangular shape and
duration.

4.4 The Kinect noise model

Occlusion caused by the body itself or individual joints, incorrect posture, sce-
narios in which skeletal joints fall outside the sensor field of view, or the distance
between the human subject and the sensor are all factors that can negatively
impact the accuracy of the Kinect measurement. In such situations, the estima-
tion of joint positions becomes unreliable, leading to irregular tracking behavior
and incorrect skeletal joint positioning.

Additionally, the computational power and memory capacity of the acquisi-
tion computer have a significant effect on the variable frame rate at which Kinect
data is acquired. By combining a low-cost, portable sensor with appropriate sig-
nal processing techniques, it is possible to develop systems capable of achieving
satisfactory performance for most medical and rehabilitation applications.

Furthermore, the additive and multiplicative noise characteristics of the
Kinect have been empirically investigated, and based on these studies — as
well as existing literature — the following conclusions can be drawn.

4.4.1 Additive Noise in the Kinect Sensor

Additive noise affecting the Kinect sensor is independent of the underlying sig-
nal, with its components being independent but not necessarily identically dis-
tributed. As a result, the covariance matrix is diagonal, although its diagonal
elements may differ, unlike in the case of IID noise. Specifically, for any joints
j,k and any axes i, [, the following holds:

2 2
Tniy 7 O (4.8)

According to this definition, 072“]_ represents the variance, and therefore the

average power of the noise at a given time instant.
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4.4.2 Impulsive Noise in the Kinect Sensor

A statistical analysis of the Kinect signal, as supported by the literature, reveals
that signal losses may randomly occur at certain independent time instants.
These events can be modeled as a type of multiplicative noise.

A suitable statistical model for this behavior involves an unmodulated Pois-
son process. The sequence {b(t)}, consisting of ideal Dirac pulses following a
Poisson distribution, is used as input to a system whose impulse response is a
rectangular pulse of random duration d. Given the impulse response:

h(t) =11 (Z) (4.9)

the randomness is associated with the duration of the pulse, while the am-
plitude remains fixed (typically at unit value). The resulting signal can then be

expressed as:
= t—tm
{w<t>}={ > (5 )} (4.10)

m=—0o0

where t,, represents the random occurrence times of the impulses.
The loss of signal along a given axis ¢ of joint j can be modeled using a
multiplicative noise factor:

mij(t) = {1 —w(t)}, (4.11)

Finally, by construction, this noise process behaves as a binary stationary
process, characterized by the following probability density function (PDF):

F(M) = Py - §(M) + Py - 6(M — 1), (4.12)

where Py and P; represent the probabilities associated with the two possible
states of the process:

Py = P{m(t) = 0} = P{w(t) = 1}. (4.13)

4.5 Preprocessing and Kinect Noise Filtering

The Kinect v2 sensor employs a machine learning approach—specifically, a
random forest classifier trained on a large dataset of human poses—to esti-
mate 3D skeletal points from depth camera data. However, skeletal tracking
can be affected by several common noise-related issues, including jitter, flick-
ering, and missing samples. Jitter refers to small, rapid fluctuations in joint
positions, typically caused by sensor noise or misclassifications, which result
in shaky and unstable motion. Flickering involves sudden, noticeable jumps in
joint locations, often due to occlusions or inconsistencies in the classifier, leading
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to erratic tracking behavior. Missing samples occur when joint data are absent
for certain frames, causing breaks in the continuity of the skeletal data, with
joints intermittently disappearing and reappearing. Most research on filtering
Kinect signals focuses primarily on reducing jitter and smoothing the skeletal
motion data to improve overall tracking quality [190, , , ]

To address the noise issues affecting the Microsoft Kinect, the following
procedure has been proposed. Initially, the zero-value sequences within the
signal are automatically identified. These missing or invalid samples are then
reconstructed using spline interpolation. Since the primary form of noise present
in the signal is impulsive, a non-linear filtering approach is necessary. However,
a standard median filter proves ineffective in this context due to the high density
of noise peaks.

As a solution, an adaptive filtering technique was developed, combining out-
lier detection with median-based substitution. This method adjusts the de-
noising process according to the statistical characteristics of the signal. Specif-
ically, once outliers are identified, they are replaced with the median value
computed within a moving window of size fifteen. This approach effectively
suppresses the noise while preserving the integrity of the original signal as much
as possible.

Following the removal of impulsive noise, the resulting error can be expressed
as:

o2 =P -o° (4.14)

€ijF nij
The expected reduction in error is reflected by the error reduction factor:

2

Oeijr Pl
== 4.15
oz, 1+ P - (SNR—-1) (4.15)
where the Signal-to-Noise Ratio (SNR) is defined as:
o2
SNR = —* (4.16)

It can be observed that the error decreases more consistently when both the
SNR and P, values are large.

After addressing the non-linearities, a final low-pass filtering step is applied
to further smooth the signal.

4.6 Interpolation

Interpolation is a mathematical technique used to estimate unknown values
within the range of a discrete set of known data points on a Cartesian plane.
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Given a sequence of N distinct real values zj and their corresponding values
Yk, the goal is to determine a function f that models the relationship between
these two sets in such a way that:

flzr) = yk fork=1,...,N (4.17)

Each pair (x, yx) is called a data point, while f is referred to as the interpo-
lating function. The various interpolation methods differ in terms of accuracy,
computational complexity, required number of data points, and the smoothness
of the resulting curve.

In this work, spline interpolation was employed for the analysis of Kinect
signals, as detailed below.

4.6.1 Spline Interpolation

A spline function f,, : [a,b] — R is a piecewise polynomial function of degree
m, such that:

fm € C™ Y ([a, b)) (4.18)

which means its derivatives up to order m—1 are continuous across the entire
interval [a,b]. Given a set of data points (z,yx) ordered such that zj < g1
for k =1,..., N, the spline must satisfy:

fm(xk) =y fork=1,...,N (4.19)

In particular, when m = 3, cubic splines are obtained. These are functions
composed of polynomials of degree 3 in each subinterval [z;,2;41] (i =1,..., N—
1) and are globally twice continuously differentiable, i.e. they belong to the class
C?([a,b]). In each subinterval, the cubic spline takes the form:

fa(x) = a;x® + biz? + ¢z + d; for x € [x;, Ti41] (4.20)

In this study, sections of the signal affected by zero runs were automatically
identified, and classical spline interpolation was applied to reconstruct the miss-
ing values. The results obtained proved to be reliable and precise, as illustrated
in Figure 4.2. A possible future enhancement could involve the adoption of
probabilistic interpolation approaches, such as those proposed by the authors in

[194].



52 Signal Processing Techniques for Telerehabilitation

PO T
I | i

—

0 1| |

Figure 4.2: In blue the original signal, in red the interpolation

4.7 Chebyshev outlier detection method

Impulsive fluctuations were observed in all three spatial components of the sig-
nals, probably due to temporary interruptions in the Kinect joint tracking sys-
tem. Since significant or high-frequency calibration errors can distort signal
trajectories and introduce inaccuracies in the computation of clinical metrics,
it was necessary to apply appropriate filtering techniques prior to any further
analysis.

To manage outliers, values whose deviation from the signal mean exceeded
A times the standard deviation were removed. As the precise statistical distri-
bution of the signals is not fully known, a conservative approach based on the

Chebyshev inequality [195, | was adopted to determine a lower bound for the
probability:
1
P(lxa —pl <Xo)>1-— 2 (4.21)

where z represents a generic signal sample, and p and 2 are the estimated
mean and variance, respectively. Setting 1 — % = (.89, values differing by more
than A = 3 times the standard deviation from the mean are classified as outliers.

Additionally, the Chebyshev inequality provides an upper bound for the
probability of observing a deviation greater than Ao:

1
Pz~ 2 0) < 5 (4.22)

The application of this outlier detection strategy follows recommendations
from previous studies [197]. Specifically, lower and upper Outlier Detection
Values (ODVs) were computed, and signal values exceeding these thresholds
were flagged and handled as outliers.

To determine which values are outliers, the following steps are performed:

1. The expected probability p of seeing outlier is decided.

2. The probability p value is used to find A using Equation 4.22:

\ = 1 (4.23)
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3. The upper and lower ODVs are calculated using the following equations:
ODV, = p+ A*o, (4.24)

ODV, =p— Axo, (4.25)

All data larger than ODV,, or smaller than ODYV, are considered outlier.

4. The outlier values are replaced by the median value in a window of di-
mension fifteen.

An example of outlier detection operation is provided in Figure 4.3.

[mm] : [m] :
—-8-1072 - -8.107% - —
—0.1 |- -0.1
—0.12 - —0.12
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(a) Raw signal (b) Raw signal detail
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—8.102 [ ' —8.102 [ ‘ ' ]
—0.1 |- —0.1 —\MW
—0.12 - —0.12 —
1 1

(c) Filtered signal

(d) Filtered signal detail

Figure 4.3: Signal filtering action through the Chebyshev method - full signal
and frame detail.

4.8 Butterworth filter

After identifying and replacing the outliers, a low-pass Butterworth filter is
applied to the signal, Figure 4.4. The data acquired from the sensor exhibit
stationarity around their mean and contain no relevant information at higher
frequencies. The purpose of the Butterworth filter [198] is to maintain a maxi-
mally flat frequency response within the passband.

On a Bode plot, the filter’s frequency response decreases linearly towards
negative infinity (Figure 4.5, [199]). The attenuation rate for a first-order But-
terworth filter is 20 [dB| per decade, increasing to 40 [dB] per decade for a
second-order filter, and becoming progressively steeper with higher-order filters.
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(a) Portion of the raw signal.
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(b) Portion of the filtered signal.

Figure 4.4: Signal filtering action.

The frequency response of an n'"-order Butterworth filter is given by:

T(jw)| = ——— (4.26)

V14 w?n

where n is the order of the filter, w is the ratio between the frequency of the
signal and the cut-off frequency. For signal regularization, after few tests a 27¢
order Butterworth filter with cut-off frequency of 2 [Hz| was implemented. An
example of such filtering operation is provided in Figure 4.6.



4.8 Butterworth filter 55
10 o B L2 2. e e e o B B! e e T
o .o Cuoff frequeney |
10 -3.01 dB i
= Slope: =20 dB/decade
Tz 20 :
= |
s =30 — —
&}
40 - -
-0 - Passband ' Stopband B
_60 1 \\I\I\‘ 1 1 I\\II\I 1 1 II\\I\I 1 1 II\\HI 1 Il II\H\‘ 1 L1101l
T L 1 s B o L A B B e R T
O -
’%‘
& =30 — -
) Passband Stopband
2 -60 - .
£
a
—90 |-
1 \\I\I\‘ 1 1 l\lll\l 1 1 II\\I\I 1 1 II\\HI 1 1 II\H\l 1 L1111l
0.001 0.01 0.1 1 10 100 1000

Angular frequency (rad/s)

Figure 4.5: The frequency response of a first-order low-pass Butterworth filter.
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Figure 4.6: Signal filtering action with the low-pass Butterworth filter.
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4.9 Motion Segmentation

Rehabilitation exercises typically involve repetitive movements, resulting in sig-
nals that exhibit a certain degree of pseudoperiodicity. These movements are
often composed of two or more elementary actions or phases, such as flexion-
extension, adduction-abduction, or transitions between standing and sitting.
For this reason, a signal segmentation phase is essential to ensure a reliable and
meaningful analysis. This phase focuses on isolating stationary portions of the
signal corresponding to homogeneous states, denoted as I'. Through segmenta-
tion, complex motor sequences are broken down into their elementary actions,
and the segmentation strategy must be specifically adapted to each exergame,
according to the required movements and the joints involved.

The execution of a generic movement M, generates a realization of the
stochastic process associated with that particular experimental trial, giving rise
to the multidimensional random process M, ;(t). As each trigger event corre-
sponds to a different movement that the patient is prompted to perform by the
system, this information is crucial for identifying the precise instant when a spe-
cific movement should begin (e.g., «, 3, etc.). Exploiting the pseudorepetitive
nature of rehabilitation exercises, the segmentation process focuses on detecting
these trigger events, which are closely linked to the structure of the exergame
being analyzed. In this way, the anticipated movements can be represented
as Wy (t), Wjs(t), and so on, indicating the expected signal trajectories for the
correct execution of each movement.

Decomposing signals generated by complex actions into sequences of ele-
mentary movements is fundamental both for studying the patient’s behavioral
patterns and for assessing the quality of rehabilitation exercises. In particular,
for the extraction of key performance indicators — such as execution speed,
range of motion, and movement trajectory — it is necessary to isolate and an-
alyze the primitive actions individually to achieve a more precise and accurate
evaluation.

In this study, segmentation was performed using additional signals to identify
the start and end of each movement. Specifically, in the Shelf Cans activity,
which requires the execution of three distinct movements combining flexion-
extension and adduction-abduction of the upper limb, movements M,, Mg, and
M., were defined to correspond to placing the red, orange, and green cans onto
their respective shelves.

A multilevel signal called CanColor, acquired during the game session, was
employed to guide segmentation. This signal consists of four discrete levels indi-
cating the state of interaction: 0 — no can held, 1 — green can, 2 — orange can,
3 — red can. By monitoring this signal, it was possible to isolate and separately
analyze the three trajectories performed by the patient. Segmentation begins
at the moment the patient picks up a can and ends when it is placed on a shelf.
An example of this segmentation process is illustrated in Figure 4.7.
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Figure 4.7: Signals segmentation of X and Y coordinates of the right hand joint.

4.10 Features

The ReMoVES system captures data and signals from each game session, in-
cluding meta-features like the game name, start and end times, final score, and
additional game parameters to support efficient database querying. All this data
are collected in JSON files.

Below the indicators and parameters extracted based on the application or
type of exergame analyzed in this thesis will be described.

Beyond patient prescriptions and other meta-features [200], the primary fea-
tures analyzed here include kinematic instant features and dynamic features.
An automatic signal segmentation step is proposed, as described in the pre-
vious subsection, which automatically detects the start and end times of each
repetition of movement. After this automatic localization of the instantaneous
time referring to some specific positions of the subject, the precise measurement
of each joint constitutes the instant features that allow one to understand the
posture and compare it with the posture indicated by the medical staff through
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the exergame. In particular, angles extracted from joint positions are of clinical
interest.

Dynamic features describe the kinematic movement that the subjects per-
formed and refer to the Range of Motion (ROM), the difference between the
maximum and minimum angles in a given period of interest, the actual temporal
displacement of the joints, or the change in angles during a specific movement.

The base features are the joint positions at an instant point, which are
directly accessible by the signal punctual value. Even though coordinates in 3D
space are available for each joint at a given time, their position on only one axis
or anatomical plane is often of interest. Starting from base features, the most
relevant derived feature extracted by processing and combining the acquired
signals is the distance between joints and instantaneous angles.

As an example, the difference between the j and k joint positions on the ¢
axis is defined as Ai(t) = v;;(t) — vir(t).

Angles are computed by applying the absolute or relative angle formula,
depending on the specific analysis. An absolute angle of a body segment linking
two joints j and k in a given body plane is measured with respect to one of the
axes by using the arctangent formula:

0 = arctan (M) (4.27)
v-u

where ¥ and @ are generic vector, ||¥ X || indicates the magnitude of the
cross product and ¥ - @ the dot product.

The coordinates of the Kinect joints, numbered as shown in Figure 4.1, will
be used as a reference framework. In this system, the X-axis corresponds to
the horizontal (mediolateral) direction of motion, the Y-axis is orthogonal to
the X-axis and points vertically upwards, and the Z-axis is perpendicular to the
X-Y plane, oriented in the outward (anteroposterior) direction.

Accordingly, the variables x, y, and z indicate the mediolateral, vertical, and
anteroposterior directions, respectively, as illustrated in Figure 4.8 and defined
in [201].
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Figure 4.8: Reference anatomical planes [1].

4.10.1 Upper-limb movement

Patients data have been analyzed both with 3D coordinates of Kinect joints and
through 2D data obtained by the exergame itself.

In trigonometry, in any triangle, the square of one side is equal to the sum
of the squares of the other two sides decreased by the double product of these
two sides multiplied by the cosine of the angle they form. Using notation as in
Figure 4.9, the law of cosines states:

a® = b* 4+ ¢ — 2bccosa (4.28)
b’ = a® + ¢ — 2accos B (4.29)
¢ =a® +b* — 2abcosy (4.30)

This theorem is used to find one of the angles of the triangle if the three
sides are known:

2,32 2
M) . (4.31)

Y = arccos ( 2ab
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C

B

Figure 4.9: A triangle with a, b, and ¢ sides and the corrisponding «, 5 and
angles.

Referring to the upper-limb movement, consider a fixed time, the possible
indicators are the ROM of the shoulder, and elbow in the coronal plane, defined
as:

ROM(Gshoulder) = mazbsnoulder — MM shoulders
ROM(eelbow) = maxeelbow - mineelbow
where the angles are described by the following equations:

Zelbow — Zshoulder

Oshoulder = arctan >
Lelbow — Tshoulder

Zelbow — Rwrist

aelbow = ashoulder —arctan—— .

Lelbow — Lwrist

Possible compensations with the trunk can be observed using the following

formula, in the sagittal plane:
ROM(Htrunk:) = maxetrunk - minetrunkz

where
Zspine_shoulder - Zspine_middle

Orunk = arctan .
yspineishoulder - yspineimiddle

The characteristic ROM of the elbow and shoulder joints in the three anatom-
ical planes and in 3D space was calculated. Based on Equation 4.30 the elbow
angle in the coronal plane is the following:

a=+/(r5 —18)2 + (y5 — ys)>
b=1/(x16 — 8)% + (y16 — ¥s)?
c=/(z5 — 216)% + (y5 — Y16)>
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where the joints 5, 8, and 16 are respectively for right shoulder, right elbow,
and right wrist. From these equations the 0.0, is derived:

a? +b% —c?

Ocibow = arccos 50 (4.32)
For many activity of daily living, the angles required reach at least 150°for the
elbow flexion and 130°for shoulder flexion and abduction [202]. Other indicators

are analyzed, such as
e Target: the number of object correctly taken.

o Angle between trajectories: the three specific tasks of Shelf Cans, referring
to the differently colored cans, are split. Then, the straight line connecting
starting position and targets is computed, and will be hereinafter referred
to as the optimal trajectory. In addition, the so-called approximate tra-
jectory performed by the patient during the game session is computed as
the regression line of hand-game positions during the considered task. The
lower the angle between the two lines, the better and controlled movement
was done by the patient. Indeed, small angles shows that the approximate
fitted path is similar to the optimal one. Conversely, large angles are typ-
ical of trajectories which are far from the optimal one. The linearity of
scope-oriented movement is usually valued during physical therapy for pa-
tients affected by pathologies of motor learning such as cerebellar stroke.
The importance of such an indirect analysis relies on the fact that it al-
lows for quantifying the degree of improvement of the pathology which has
caused the deficit of movement, and also to quantify the motor learning.

e Hand-Shoulder distance: the Euclidean distance between the hand and
the shoulder joints while performing the movement is evaluated in order
to assess whether the patient reaches the targets by performing a correct
flexion—extension or abduction—adduction movements or makes a compen-
satory motion with the trunk instead, implying that in the latter case the
Hand-Shoulder distance will be lower. The equation is the following, where
joint 15 is for the right hand:

d= /(x5 — 215)2 + (y5 — y15)% + (25 — 215)? (4.33)

e Time: the three specific tasks required by the exercise are split. The time
taken to place the can on the shelf is calculated.

4.10.2 Cognitive assessment

The neuropsychological battery consists of tests that are commonly used for
cognitive assessment in individuals with disabilities. Specifically, the Brief In-
ternational Cognitive Assessment for MS (BICAMS) and the Paced Auditory
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Serial Addition Task (PASAT) at 3 s and 2 s intervals were used. BICAMS in-
cludes the Symbol Digit Modalities Test (SDMT), the California Verbal Learn-
ing Test IT edition (CVLT-II), and the Revised Brief Visuo-Spatial Memory Test
(BVMT-R). Patients were recruited if they scored below the 5th percentile for
normative data adjusted for age, sex, and education in at least two of the afore-
mentioned tests. Written informed consent was obtained from all participants
before the study began.

All cognitive measures were administered at baseline (i.e., time TO0), at the
end of 10 exergame sessions (T1), and one month after the end of treatment
(T2).

In addition to these neuropsychological tests conducted at three fixed mo-
ments, daily assessments of motor function were available, thanks to the param-
eters observed remotely during the execution of the exergames. This continuous
monitoring allowed a more detailed and dynamic understanding of the patient’s
motor progress. The patient’s perception of effort and fatigue is indirectly as-
sessed through daily observations of key parameters, which will be detailed in
the results section. These parameters include the number of exergames played,
the number of repeated movements along with their speed and trajectory, game
scores, posture, angles, range of motion, etc. Comparing the exercises actually
performed with those prescribed is crucial for understanding both the patient’s
level of engagement and the appropriateness of the exercise regimen. This ap-
proach provides valuable insights into how well the exercises are tailored to the
patient’s abilities and needs, helping to optimize the rehabilitation process.



CHAPTER 5

Application of diagnostic imaging
techniques

This chapter discusses studies in the context of image processing. First, a re-
flection on the use of the SRAD as a initial processing of image. Second, a
Focus-of-Attention Mechanism is introduced, with an application regarding the
enhancement of Glisson’s capsule in US images of patients with CLD. Issues
related to improvement techniques are then addressed. The use of a binary
mask, obtained through an adaptive method, is introduced and used to extract
the Glissonian line to allow its feature analysis with SVM. Finally, a pipeline
for evaluating the results obtained through CNN ranking is presented.

5.1 Awvailable Dataset

This retrospective study, conducted at Ospedale Policlinico San Martino IRCCS
in Genoa, involved 215 CLD patients (male and female) with an average age
of 57.84 + 13.39 years (range 20-92). Patients were diagnosed with conditions
such as non-alcoholic fatty liver disease (NAFLD), hepatitis C (HCV), hepatitis
B (HBV), autoimmune hepatitis (AIH), and primary biliary cholangitis (PBC).
The dataset (Figure 5.1) included 392 liver ultrasound images acquired using
the MyLab™™ X9 Esaote machine, by Esaote S.p.A. .

Figure 5.1: US original images from Esaote MyLab”™ X9 ultrasound scanner.
From left to right, the stages correspond to fibrosis progression from
FO0-F1 to F4.

Despite convex probes being commonly used for liver diagnosis, scanning
in this study was performed with a linear probe to focus on the liver’s third
segment and better highlight Glisson’s capsule. All acquisitions were conducted
by a single experienced operator. Annotation of fibrosis staging, according to
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METAVIR score [203], was derived from elastographic exams using shear wave
and FibroScan elastography. Only patients with consistent results from both
methods were included. The population was divided into four groups based on
fibrosis severity: 98 patients with FO-F1 (no/mild fibrosis), 79 patients with F2
(moderate fibrosis), 76 patients with F3 (severe fibrosis), and 104 patients with
F4 (cirrhosis).

To enhance training data for a shallow convolutional neural network, the
ultrasound images were augmented using image processing techniques, as de-
scribed in the following subsection.

5.2 Data Preparing

Image acquisition by the Esaote ultrasound machine MyLab™ X9 provided
scans of different sizes (about 600 x 600) in a 3-channel, 40 kB average size and
BMP format. Before constructing the database, all the images underwent an
anonymization process. They were cropped, converted to grayscale, and resized
(scaled to have equal height and width) to a resolution of 150 x 150 pixels. This
action helps to reduce the number of pixels in an image (not to mention noise
to deal with), leads to faster and more accurate image processing algorithms
and can therefore reduce the training time of a neural network since the greater
the number of pixels in an image the greater the number of input nodes which
in turn increases the complexity of the model.

Bilinear interpolation was then used to perform image scaling. Through in-
terpolation, new data points can be constructed within the range of a discrete
set of known data points. In the bilinear interpolation technique, one does not
simply take the value of the closest pixel as in nearest-neighbor interpolation,
but considers the 4-connected pixels and uses them to calculate an interpolated
value. Instead of simply replicating the value of the nearest-neighbor pixel, this
method considers the values of the surrounding pixels and calculates a weighted
average to determine the value of the new pixel in the resized image. This
process produces more uniform and accurate results than nearest-neighbor in-
terpolation and helps avoid the blocking or pixelization effect that can occur
with other interpolation methods.

Since much of the informative content is concentrated on the Glisson line,
whose morphological changes provide insight into the staging of fibrosis, the
proposed image processing approach mainly focuses on morphological features.
This contrasts with traditional ultrasound processing, which typically empha-
sizes textural features.

To this end, a preliminary step is performed to prevent the classification
process from being influenced by irrelevant information, such as speckle noise.
Consequently, the pre-processing step focuses on reducing the prominence of
the lower parenchyma region, which is heavily affected by speckle, as well as the
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upper portion of the image, which depicts various tissues unrelated to Glissonian
line features that we seek to enhance. Based on the typical acquisition defined
in the present approach, we exclude the lower and upper portions of the image
from processing, thereby defining the region of interest (ROI). We then apply
an adaptive image transformation aimed at suppressing textural information
related to speckle noise and interfaces between other organs and tissues outside
the liver, which could act as distractors in the classification step. This results
in the creation of the so-called region of contrast interest (ROCI).

5.3 Working Method

The data has been pre-processed to reduce the noise information in the images,
then, the size of the dataset is increased with data augmentation strategy, so
that the use of machine learning techniques for classification is enabled. A gen-
eral overview of the work can be presented as follows.

Ultrasound image It is well known that radiologists and sonographers use
characteristic echo patterns and transitions at organ interfaces to make accurate
diagnoses. Anechoic areas appear completely black because they do not reflect
any ultrasound waves, typically indicating the absence of structures. Hypoechoic
areas appear darker than the surrounding tissues but are not completely black,
suggesting that the tissue or structure in that region reflects fewer ultrasound
waves. A hyperechoic signal, on the other hand, is caused by structures such
as bone, calcifications, fibrous tissues, or fat. Significant transitions between
hypoechoic and hyperechoic signals (or vice versa) typically correspond to the
interfaces between different organs and tissues.

Glisson capsule In ultrasound images, the Glisson capsule appears in the
shape of a line which will be hereinafter referred to as the Glisson line. A bright
and continuous line represents a smooth surface while a dashed and dark line
means that the Glisson capsule is irregular on the surface.

SRAD filter As described in Paragraph 3.2.1, the quality of an ultrasound
image is low because of the grain pattern noise that occurs in the ultrasound
image acquisition process (speckle noise). When the SRAD filter is applied
to the ultrasound image, the resulting filtered image is not exactly privatized
from its noisy component. However, the richness of information in ultrasound
images stems from the strong textural properties caused by speckle [204, ],
which is not considered noise but rather valuable information for characterizing
tissue properties. This textural information forms the basis for most analyses.
CNN kernels and their related features heavily depend on this type of textural
information, often at the expense of other features, such as morphological ones,
which are central to the present analysis. For this reason, in this thesis, a
procedure has been developed in which noise filtering is not performed but
rather a specific Focus-of-Attention Mechanism for the ultrasound image.
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Focus-of-Attention Mechanism During the pre-processing phase, an im-
age transformation technique was applied (Paragraph 3.2.2). Ultrasound im-
ages are typically affected by low-contrast levels, making it difficult to detect
pathological signs. This technique aims to highlight the features of interest of
the Glisson line contained in the ROI while reducing the relevance of elements
that might introduce confusion, such as textural information. This results in
a transformed image called ROCI. The piecewise-linear transformation shrinks
dark and light intensities while stretching the intermediate values to increase
the likelihood of a relevant region’s correct analysis.

FO-F1 Stage

Figure 5.2: ROI of the ultrasound image after image processing. Top: mild
stage FO-F1; bottom: cirrhotic stage F4.

To implement an adaptive transformation, a histogram-based transformation
is proposed (Eq.3.1), similar to the one commonly used for contrast stretching,
as described in Figure 3.1 and explained below, where U is the original gray
level and V is the gray level in the transformed image.

The parameters a and b are adaptively set for each image to divide the dark
(i.e., anechoic), medium (hypoechoic), and bright (hyperechoic) regions. The
slopes «, 8 and v are used for determining the relative transformation in these
three regions.

From this modification of the histogram, we obtain a new image I, :
(z,y) = V. Let a and b denote the lower and upper limits, respectively, where a
represents the mean value of the parenchyma, while b represents the mean value
of the other tissues. Both are calculated for each image and estimated based
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on the mean value of the lower and upper portions of the ultrasound image
divided vertically into three parts, respectively. This approach ensures that the
technique remains adaptive. The corresponding transformed output values, V,
and Vj, are set to 50 and 200, respectively.

This method aims to enhance ultrasound images by expanding the inten-
sity range of central pixels while shrinking the extremes. By applying contrast
stretching transformation to the ROIs, we generate additional images along-
side the original ultrasounds. These images, referred to as transformed images,
emphasize the information content of the Glissonian membrane while attenuat-
ing—or even eliminating—details of other anatomical structures and potential
artifacts, thus defining the ROCISs.

In doing so, an ad hoc data set is created, which can be provided as input
to the neural network, focusing the classification on the key features of interest.

Data Augmentation Following this transformation, both the original and
transformed images are used for network training. To further enhance the
dataset, small rotations along the probe axis are simulated for both image types.
This augmentation process results in an expanded dataset, which is then fed into
the neural network for training.

Unlike other pathologies or conditions, such as cases involving tumors or
lesions where abnormalities are clearly visible in ultrasound scans, liver staging
relies on subtle contrast variations—particularly their presence, continuity, or
absence.

While many studies employ traditional data augmentation techniques solely
to increase the number of samples, leaving the task of feature extraction en-
tirely to the neural network, our approach is different. Here, the application of
contrast stretching not only augments the dataset but also enhances the quality
of information within the image. This transformation helps guide the network’s
attention toward the key features of the Glissonian line, improving its ability to
learn relevant patterns for liver staging.

In conclusion, from a numerical perspective, after applying the Focus-of-
Attention mechanism and rotation, we obtain a dataset consisting of 830 ele-
ments (where each element refers to a combination of the original ultrasound
image, its transformed version, and its rotated variant)divided into training and
validation sets. Considering the images for testing as well, the final result is
a dataset consisting of training, validation, and test sets, with proportions of
80%, 10%, and 10%, respectively. This setup enables 10-fold cross-validation
and helps mitigate overfitting. N; denotes the size of the test set.

Binary Mask and Line Extraction From the histogram analysis it can
be seen that the four different stages have a pattern of occurrences that cannot
be generalized into a single distribution model. If it were a bimodal histogram,
finding the threshold value could be relatively simple. Consequently, it is nec-
essary to proceed adaptively to enhance contrast features. In the binarization
stage, the threshold is chosen adaptively to each individual image: each image
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is divided into two parts (upper part, averagely whiter and lower part, aver-
agely darker) and the average of the two parts is considered as thresholding.
In this way a value is obtained that is always greater than the value observed
in the lower part thus eliminating the textural liver and noise information and
increasing the data present close to Glissonian membrane. With this procedure
the binary mask was obtained thanks to which it will allow us to extract the
so-called Glissonian line (Figure 5.3).

Figure 5.3: Binary mask extracted for FO-F1 staging (on top) and for F4 staging
(on bottom)

Features The image features are extracted in the neighborhood of the de-
tected line. By applying Sobel directional masks it was possible to obtain the
gradient of the extracted Glissonian line and calculate its magnitude and phase.
The idea is to verify if these features are capable of identifying different clusters,
thus allowing anticipation of the classification (Figure 5.6, Figure 5.7, Figure
5.8).

From the extraction of lines, the reader can see that as the staging pro-
gresses, the continuity of the line is often broken, resulting in blocks of dif-
ferent lengths. Following this reasoning, it is possible to exploit the concept
of connected-components that allows the identification of contiguous regions of
pixels with the same characteristics, such as intensity or area, forming coherent
objects or structures within the image. To find these regions it is necessary to
label the components that are connected, which is determined by the application
of graph theory. For the labeling procedure an array is used to store equivalence
information between labels. This replaces the pointer-based rooted trees used
to store the same equivalence information. It reduces the memory required and
also produces consecutive final labels. Using an array instead of pointer-based
rooted trees speeds up connected component labeling algorithms [67]. Consid-
ering 8-connected regions we identify the line pieces inside boxes and calculate
their area. In the 2Dscatterplot (Figure 5.5) it’s possible see the result of this
operation.

Convolutional Neural Network A CNN with a simple and shallow ar-
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chitecture is used here for classification, compared with more complex CNNs
[56]. Experimental tests have shown that global features do not have any par-
ticular information relevance and, therefore, a very deep network is not needed
to process the available data [54]. The network takes image spatial ROIs as
input from the image dataset, performs a feature learning phase, characterized
by two convolutional layers, ReLU, Max Pooling and Dropout, in which incom-
ing image features are automatically learned and then classified. For dealing
with imbalanced datasets a 10-fold Cross-Validation, was used to ensure fair
and accurate model evaluation. In this way the model is trained and tested
on a representative sample of each class, mitigating bias and improving overall
performance. In this work, we chose to examine the behavior of the network for
either low /moderate/circular. For classification, a sigmoid function was used in
the former case, and a softmax in the latter.
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Figure 5.4: Architecture of proposed Convolutional Neural Network model.

The proposed model, depicted in Figure 5.4, was developed without em-
ploying any transfer learning processes or incorporating external information
[51, 53]. During the training process, Cross Entropy was used as the loss func-
tion. The model was optimized using the Adaptive Moment Estimation (Adam)
algorithm, with the learning rate set to 0.001. The computational environment
consisted of Python 3.9, PyTorch 2.3.1, and CUDA 12.1. The hardware utilized
for computation was an NVIDIA GeForce RTX 4060 GPU.

Principal Components Analysis Prior to classification using SVM, pre-
processing of the data was performed with Principal Components Analysis
(PCA) in order to extract the most informative features from large datasets
while preserving the most relevant information from the initial dataset. PCA
summarizes the information content of large data sets into a smaller set of
uncorrelated variables, known as principal components. This reduces the com-
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plexity of the model as the addition of each new feature negatively affects its
performance, a phenomenon commonly known as the curse of dimensionality.
By projecting a high-dimensionality dataset into a smaller feature space, PCA
minimizes, or eliminates altogether, common problems such as multicollinear-
ity and overfitting. Multicollinearity occurs when two or more independent
variables are highly correlated, which can be problematic for causal modeling.
Overfit models generalize poorly to new data, reducing their value.

Support Vector Machine (SVM) The characteristics of the images ex-
tracted near the line of interest aim to reliably quantify the diagnostic informa-
tion relevant to the classification process. The fundamental assumption of this
approach is that the extracted descriptors are able to capture significant struc-
tural variations and textures, potentially attributable to the different phases
analyzed, thus allowing the identification of discriminating patterns useful for
automatic classification.

Exploratory data analysis, supported by appropriate multidimensional visu-
alizations, allowed us to examine the statistical distribution of features, identify
any latent clusters, and assess the presence of correlations or dependencies be-
tween variables. In particular, the selected set of features, including the number
of boxes identified, the magnitude of the gradient, and the associated phase,
was organized into a structured dataset and stored in tabular format (Excel
file), which was then used as input for training and validating a Support Vector
Machine (SVM)-based classifier.

In order to evaluate the impact of the kernel function on the discriminatory
power of the model, four different kernels were tested, allowing a comparative
analysis of performance in terms of class separability (2, 3, and 4) and classifier
generalization ability. For more information on the mathematical level, please
refer to Paragraph 5.6.

5.4 Experimental results with CNN

5.4.1 CNN Without Initial Image Processing

In medical imaging, the Digital Imaging and Communications in Medicine (DI-
COM) protocol [206] is the standard for communication and management of
medical imaging information; therefore, DICOM files are typically used. In this
research, for convenience of image analysis, the original images were converted
to 256-grayscale BMP files. First, the original images were marked by experi-
enced clinicians and verified in clinical reality. Only selected ROIs around the
Glissonian capsule line were considered.
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Classification Results
Class Type | Metrics Training Validation | Test
Loss 0.3254 0.3557 0.2901
2 Accuracy | 0.8950 0.9123 0.8602
MAE 0.1203 0.1154 0.1956
Loss 0.4472 0.4677 0.3414
3 Accuracy | 0.8192 0.8333 0.5789
MAE 0.1734 0.1644 1.1933

Table 5.1: Values of the CNN trained on the original ROI ultrasound scans for
both binary and three-class classification scenarios: Loss, Overall
Accuracy, Mean Absolute Error (MAE).

Experimental tests revealed that, without initial image processing, the net-
work already yielded poor results for three-class classification and only moderate
performance for two-class classification. In particular, for the three-class sce-
nario, the test set metrics were notably low, suggesting an overfitting problem.
Without the proposed image processing, the evaluation of the results is reported
in Table 5.1. The CNN architecture used here exploits two convolutional layers
(unlike the previous work [53] where 3 were used).

5.4.2 Focus-of-Attention Mechanism as a Guiding Tool

As summarized in Table 5.2, after the proposed histogram transformation the
Overall Accuracy is at high levels for the validation set, and even better for the
testing set.

Classification Results
Class Type | Metrics Training Validation | Test
Loss 0.1254 0.1557 0.1901
2 Accuracy | 0.9214 0.9523 0.9402
MAE 0.1003 0.1024 0.1736
MAE 0.1020 0.1181 0.2233
3 Accuracy | 0.9214 0.8873 0.701
Loss 0.2166 0.2718 0.2232
MAE 0.1920 0.1611 0.3044
4 Accuracy | 0.7287 0.7857 0.4632
Loss 0.6503 0.5557 1.2415

Table 5.2: Performance metrics of ROI-trained CNN transformations with
Focus-of-Attention Mechanism for binary, three- and four-class clas-
sification scenarios: Loss, Overall Accuracy, Mean Absolute Error
(MAE).

It can be seen from Table 5.3 that the convolutional network when aided by
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image processing, can provide high performance in the area of liver classifica-
tion. For comparison with the results in the literature, traditional ultrasound
techniques (Section 2.1.3) for liver staging, despite their widespread clinical use,
have significant limitations, particularly in the early stages of the disease, re-
ducing their effectiveness in screening. Image analysis is heavily influenced by
background noise, variable acquisition parameters, and operator dependence,
resulting in low sensitivity and poor reproducibility. Only methods based on
SWE report accuracy values ranging from 0.86 to 0.967. Moreover, most studies
exploit a convex probe, whereas in this work, ultrasound scans were obtained
by the linear probe.

For a comparison with the results in the literature, we refer to [207] for the
classification of fibrosis stages > F2, besides it can be seen that by locating an
ROI within the medical image, without exploiting the deep networks [208, ],
nor of applying the transfer learning method [51, 210], the performance obtained
in this work is comparable. Few works deal with image processing in support
of neural networks [54, 53| yet even in this case the performance obtained can
be considered more robust since the analysis did not perform any kind of point
extraction of information.

Classification Results

Class Type Metrics Training Validation Test

Accuracy 0.9650 0.9523 0.9402

2-Class
MAE 0.1003 0.1024 0.1736
Accuracy 0.9214 0.8873 0.7010

3-Class
MAE 0.1020 0.1181 0.2233

Table 5.3: Performance metrics of ROI-trained CNN transformations with
Focus-of-Attention Mechanism for binary and three-class classifica-
tion.

To evaluate the performance of the proposed method (Section 3.5) in compar-
ison with deep models, we applied transfer learning to three alternative models,
ResNet, VGG, and DenseNet, consisting of 50, 16, and 201 layers, respectively.
As reported in Table 5.4, for binary classification, the proposed model achieved
the highest recall (0.97), indicating superior sensitivity in identifying patients
with the disease. Its overall accuracy (0.94) and precision (0.91) were very close
to those of DenseNet, with the latter exhibiting a lower recall, thus reinforcing
the reliability of our approach.

In the three-level classification of low, advanced, and cirrhotic stages, as
reported in Table 5.5, the proposed model excelled again, achieving an overall
accuracy of 0.701, a precision of 0.712, and a remarkable recall of 0.91, signifi-
cantly outperforming the other models. On the other hand, VGG16 performed
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Binary Classification (No Disease vs. Disease)

Overall Accuracy Precision (macro) Recall (macro) Model
0.80 0.75 0.78 ResNet
0.85 0.82 0.84 VGG16
0.99 0.95 0.92 DenseNet
0.94 0.91 0.97 Proposed Model

Table 5.4: Performance comparison of models for binary classification: values of
overall accuracy, precision (macro), and recall (macro) obtained from
transfer learning models classification with focus-of-attention mech-
anism for distinguishing between patients with and without disease.
The best values are shown in bold.

slightly better in accuracy and precision. It exhibited a significantly lower recall,
demonstrating that a higher number of layers is not always the optimal solution.
This highlights the robustness of the proposed model in accurately classifying
liver disease stages, especially in the case of small datasets, suggesting its po-
tential as a valuable diagnostic support tool that merits further investigation.

Low/Advance/Cirrhotic Stage

Overall Accuracy Precision (macro) Recall (macro) Model
0.5894 0.6243 0.6408 ResNet
0.7263 0.7238 0.6663 VGG16
0.6526 0.6460 0.6818 DenseNet

0.701 0.712 0.91 Proposed Model

Table 5.5: Performance comparison of models: values of overall accuracy, pre-
cision (macro) and recall (macro) obtained from transfer learning
models classification with focus-of-attention mechanism. The best
values are shown in bold.

5.5 Graphical Representation of Features

As illustrated in Chapter 3, the use of these processing techniques aims to
increase the information content of the scans and facilitate the detection of
discriminative patterns.

The characteristics of the images were extracted in the vicinity of the line of
interest, with the aim of quantifying diagnostic information useful for classifica-
tion. In particular, by applying Sobel directional masks, it was possible to cal-
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culate the gradient of the detected Glissonian line, obtaining both its amplitude
and phase. Analysis of the extracted lines using the binary mask shows that, as
the stage progresses, the continuity of the line tends to be progressively inter-
rupted, generating fragments of different lengths. Considering the 8-connected
regions, it was possible to identify the individual residual segments within the
boxes and calculate their area (Figure 5.5). These measurements complete the
set of available features and complement those already derived from the gra-
dients. The hypothesis underlying this approach is that these parameters can
reveal distinctive patterns between the different stages, thus allowing us to an-
ticipate an automatic classification process (see Figure 5.6, Figure 5.7, Figure
5.8).
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Figure 5.5: Two-dimensional representation obtained by calculating the area of
the individual residual segments within the boxes for all stages.

The graphical representation of data, using tools such as scatter plots and
box plots, is a fundamental step after feature extraction. These visualizations
allow us to explore the distribution of features, identify any hidden patterns,
and verify the presence of relationships between variables. Compared to numer-
ical measures alone, visual representation allows for more immediate identifica-
tion of outliers, natural groupings (clusters), and possible separations between
classes. In addition, graphs provide essential interpretive support for evaluat-
ing the effectiveness of selected features for future automatic classification. In
this context, various combinations of features were tested in order to identify
those most effective in generating distinguishable clusters. The aim was to un-
derstand which variables, considered individually or in pairs, were best able
to discriminate between the different stages. For example, by combining the
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gradient phase with the box area, a two-dimensional scatter plot was obtained
in Figure 5.6) showing how samples belonging to stage F0O tend to concentrate
near the origin, reflecting reduced values for both the angle and the number of
boxes. Stage F2, on the other hand, has a less defined distribution and is less
distinguishable than the others. Stages F3 and F4, although both characterized
by a high number of connected regions (boxes), differ in their correlation with
the angle, showing two separate groupings. This allows them to be identified as
two distinct clusters, suggesting the possibility of automatic classification based
on these patterns.
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Figure 5.7: Two-dimensional representation obtained by considering both the
magnitude of the Glissonian and the box area identified thanks to
the connected components.
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Figure 5.8: Two-dimensional representation obtained by considering both the
phase and magnitude of the Glissonian line for the different stages
of fibrosis.

Instead, observing the graphs obtained by combining amplitude and phase
(Figure 5.8) and amplitude and box area (Figure 5.7), the distinctions between
the different stages are less clear. For further clarification, a three-dimensional
scatterplot is also shown in which all three variables are considered (Figure 5.9).
From the various visualizations it is clear that the main problem in staging is
in identifying the F2 staging, that is, the average case of the pathology.
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Figure 5.9: Three-dimensional representation obtained by considering the phase
(x-axis), magnitude (y-axis) and the number of box (z-axis) of the
Glissonian line for the different stages of fibrosis.

In order to study their trend and assess the critical values which define
separation criteria among the various subgroups proposed, also the quartile
method was used. The box plot in Figure 5.10 shows the trend of Magnitude,
in the different stages of progression (FO-F1, F2, F3, F4). In the early stages
(FO-F1), a very wide distribution is observed, with values ranging from close to
zero to over 100.
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Boxplot of Magnitude by Stage
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Figure 5.10: Box-plot of magnitude gradient calculated on the Glissonian line.

The median is relatively low, indicating that in the initial samples, Mag-
nitude tends to take on low values, albeit with strong internal variability. In
stage F2, the values are more concentrated: the median increases compared to
FO0-F1 and the dispersion decreases, although there are some outliers with par-
ticularly low values. With the transition to stage F3, there is a further increase:
the median is among the highest and the distribution extends to the absolute
maximum values, exceeding 110. This stage is also characterized by greater
variability, a sign of marked differences between samples. Finally, in stage F4,
the Magnitude remains at high values, with a more compact distribution than
in F3 and few outliers, suggesting a tendency to stabilize.
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Boxplot of Angles by Stage
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Figure 5.11: Box-plot of angle gradient calculated on the Glissonian line.

The box plot in the Figure 5.11 shows the distribution of Angle values in
the different stages (FO-F1, F2, F3, F4). In the early stages (F0-F1), the
values are very low and concentrated close to zero: the median is minimal and
the dispersion extremely low, with few outliers just above 20 degrees. This
indicates that, in the initial stages, the lines detected tend to have an almost
zero slope, showing a certain regularity. In stage F2, there is an increase in both
the median and the variability: the values begin to spread over a wider range,
with a maximum exceeding 40 degrees. In F3, this trend is further accentuated:
the median increases again, the interquartile range widens, and the dispersion
becomes more evident, with values reaching close to 60 degrees. Finally, stage
F4 shows the greatest overall variability: the median remains high, but the
distribution extends to very high values (over 80 degrees), a sign that in the
advanced stages the orientation of the structures becomes more irregular and
uneven. Overall, the graph shows an increasing trend in angular values as the
stages progress, with a transition from low and stable values in the early stages
to high and variable values in the later stages. This trend suggests that the
angle of the gradient may be a sensitive indicator of the loss of regularity and
continuity of the line as the staging progresses.

Finally, we have the box plot of the areas (Figure 5.12). In the initial stages
(FO-F1), the values are very low: the median is around 3 — 4, and most of the
observations are concentrated in the lower range, although there are numerous
outliers that reach higher values, indicating occasional more marked interrup-
tions in the line. With the transition to stage F2, the median increases signifi-
cantly (to around 10) and variability increases: the values are distributed over a
wider range, a sign that linear continuity is beginning to fragment more clearly.
Stage F3 shows further growth, with a median close to 20 and a more compact
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distribution than F2, but extending to values of around 35 — 40, indicating a
progressive increase in discontinuities. Finally, stage F4 shows the greatest over-
all variability: the median reaches the highest values (around 25— 30), while the
dispersion increases significantly, with boxes reaching over 60. This trend re-
flects a very marked fragmentation of the lines, with segments of heterogeneous
length and increasingly evident discontinuities. There is therefore a growing
trend in the number and extent of areas of discontinuity (Box) as the stages
progress. This behavior suggests that the Box measurement is a robust indi-
cator of the loss of continuity of the Glissonian line, clearly distinguishing the
advanced stages from the initial ones.

Boxplot of Box by Stage

70

60 8

50 1

-
S

Box Values
o

201

—
4‘

Stages

Figure 5.12: Box-plot of box area calculated on the Glissonian line.

5.6 Experimental results with SVM

Based on the statistical analysis of these parameters, application of a SVM
classifier to divide the population into four (Figure 5.13), three (Figure 5.14)
and two (Figure 5.15) classes.

The idea was to compare different SVM classifiers, trained on feature data
extracted from an Excel file. In the first phase, the training data is loaded.
Each sheet represents a type of feature—specifically angle, magnitude, and
box—while the columns (A, B, C, D) correspond to four different classes of
samples. Although there is no high dimension to improve the readability of the
data, PCA was applied, which projects the original three-dimensional space (an-
gle, magnitude, box) into two new principal components (PC1 and PC2). This
approach does not select a single variable, but produces linear combinations
of the original features, maximizing the explained variance. The combination
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of features in two-dimensional representations using scatter plots allows us to
verify the possible formation of distinct clusters, potentially associated with dif-
ferent pathological stages. The training phase involves the construction of four
distinct SVM models, each characterized by a different kernel:

e SVC with linear kernel, which seeks a linear separation hyperplane be-
tween classes.

e LinearSVC, a variant optimized for large linear problems.

e SVC with RBF (Radial Basis Function) kernel, which allows modeling
nonlinear relationships between features.

e SVC with Polynomial (Degree 3) kernel, capable of capturing complex
structures through polynomial transformations of the feature space.

Finally, each model is evaluated and represented graphically. In particu-
lar, the decision boundaries learned by the classifiers are plotted in the two-
dimensional space obtained with PCA. The results are organized in a grid of
subgraphs 2x2, allowing a direct visual comparison between the different sepa-
ration strategies during the training phase. This approach allows not only for
quantitative performance evaluation (e.g., in terms of accuracy and confusion
matrices), but also for qualitative observation of behavior in the reduced feature
space, identifying which kernel best fits the data distribution.
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SVC with Linear Kernel LinearSVC (Linear Kernel)

SVC with Polynomial (Degree 3) Kernel

Figure 5.13: Training phase: four different kernel of SVM were compared to
understand which one is the best for performing the classification
of four different liver staging. The Gaussian kernel (RBF) provides
the worst performance

SVC with Linear Kernel LinearSVC (Linear Kernel)

Figure 5.15: Training phase: four different kernel of SVM were compared to
understand which one is the best for performing the classification
of two different liver staging. The Gaussian kernel (RBF) provides
the worst performance
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SVC with Linear Kernel LinearSVC (Linear Kernel)

SVC with RBF Kernel

Figure 5.14: Training phase: four different kernel of SVM were compared to
understand which one is the best for performing the classification of
three different liver staging. The Gaussian kernel (RBF) provides
the worst performance

The linear models LinearSVC and SVC (with linear kernel) yield slightly
different decision boundaries. This can be a consequence of the following differ-
ences:

o LinearSVC minimizes the squared hinge loss while SVC' minimizes the
regular hinge loss;

o LinearSVC uses the One-vs-All (also known as One-vs-Rest) multiclass
reduction while SVC' uses the One-vs-One multiclass reduction.

Both linear models have linear decision boundaries (intersecting hyperplanes)
while the non-linear kernel models (polynomial or Gaussian RBF) have more
flexible non-linear decision boundaries with shapes that depend on the kind of
kernel and its parameters.

The graphs presented previously, relating to the training phase of the four
SVM models obtained through dimensional reduction with PCA, highlight an
intrinsic limitation linked to representation: the two-dimensional projection,
although useful for illustrative purposes, is not able to render faithfully the
complexity of the decision boundaries in the feature space. In fact, while the
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human eye struggles to interpret separations in three-dimensional spaces, model
training is still conducted using the entire original feature set — angle, magni-
tude, and box area — so as to allow the SVM to learn a decision boundary in
three-dimensional space. For this reason, the 3D graphic representations will be
directly reported, relating to both the training and testing phases, considering
both binary (Figure 5.20, 5.21) and multiclass (Figure 5.16, 5.18, 5.17, 5.19)
classification scenarios, without further resorting to dimensional reduction via
PCA. In these graphs, each sample is projected into a 3D scatter plot, whose
coordinates correspond to the original features (Angle, Magnitude, BoxArea),
while the color of the dots represents the class predicted by the model. The
views are organized in a 2x2 grid, so as to allow a direct comparison between
the four SVM approaches considered (linear, LinearSVC, RBF and polynomial).
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Figure 5.16: Training phase: Three-dimensional visualization of four SVM ap-
proches for 4-class classification without PCA approch.
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Figure 5.17: Testing phase: Three-dimensional visualization of four SVM ap-
proches for 4-class classification without PCA approch.
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Figure 5.18: Training phase: Three-dimensional visualization of four SVM ap-
proches for 3-class classification without PCA approch.
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Figure 5.19: Testing phase: Three-dimensional visualization of four SVM ap-
proches for 3-class classification without PCA approch.
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Figure 5.20: Training phase: Three-dimensional visualization of four SVM ap-
proches for binary classification without PCA approch.
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Figure 5.21: Testing phase: Three-dimensional visualization of four SVM ap-
proches for binary classification without PCA approch.

Even in the absence of size reduction via PCA, the procedure adopted for the
training phase remains unchanged compared to what was previously described.
Before introducing the analysis of evaluation metrics, it is useful to recall the
main stages of the testing process. The testing phase aims to evaluate previously
trained SVM models, using an independent dataset, also organized in Excel
format. The testing phase is crucial in machine learning, as it allows us to
estimate the actual predictive power of the models and identify which SVM

kernel offers the best performance on previously unseen data.

SVC with Polynomial (Degree 3) Kernel (Test)

110
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For each classifier, the accuracy is calculated. From the comparison of the
accuracies obtained in the training and testing phases for the four-class clas-
sification (Figure 5.22), it emerges that the SVC with linear kernel shows a
training accuracy of 0.71 and a testing accuracy of 0.45, indicating moderate
generalization ability and a small gap between the training and testing phases.

4-classes Training accuracy | Testing accuracy
SVC with linear 0.71 0.45
kernel
_ LinearSVC 0.65 0.34
()
§ SVC with RBF 0.99 0.21
SVC with Polynomial 0.68 0.45
(Degree 3) kernel

Figure 5.22: The table shows the classification performance obtained for a 4-
class problem, comparing different SVM-based models with differ-
ent kernels in terms of training accuracy and testing accuracy.

The LinearSVC model performs less well, with an accuracy of 0.65 in training
and 0.34 in testing, suggesting less effectiveness in separating classes in the
feature space considered. The SVC with RBF kernel achieves very high training
accuracy (0.99), but with a drastic reduction in performance during testing
(0.21). This behavior is indicative of marked overfitting, in which the model is
strongly adapted to the training data but unable to generalize on unseen data.
Finally, the SVC with a degree 3 polynomial kernel shows a training accuracy of
0.68 and a testing accuracy of 0.45, comparable to that of the linear kernel, but
with a lower ability to adapt to the training data. Overall, the analysis shows
that more complex models (e.g., the RBF kernel) do not necessarily guarantee
better performance in terms of generalization, especially when there are a limited
number of features or a well-defined nonlinear separability between classes.

The same was done for the 3-class classification (Figure 5.23) and binary
(Figure 5.24) classification. A three-dimensional graphical representation for
training and testing phase is visible in Figures 5.18 and 5.19 while the compar-
ative accuracy tables are shown in Figure 5.23.
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3-classes Training accuracy | Testing accuracy
SVC with linear 0.80 0.48
kernel
_ LinearSVC 0.74 0.41
[}
E SVC with RBF 0.99 0.31
SVC with Polynomial 0.79 0.51
(Degree 3) kernel

Figure 5.23: The table shows the classification performance obtained for a 3-
class problem, comparing different SVM-based models with differ-
ent kernels in terms of training accuracy and testing accuracy.

2-classes Training accuracy | Testing accuracy
SVC with linear 0.90 0.26
kernel
_ LinearSVC 0.90 0.27
()
E SVC with RBF 1.00 0.38
SVC with Polynomial 0.90 0.21
(Degree 3) kernel

Figure 5.24: The table shows the classification performance obtained for a bi-
nary class problem, comparing different SVM-based models with
different kernels in terms of training accuracy and testing accuracy.

In light of the obtained results, the linear-kernel SVM model outperforms
the other considered variants, suggesting that, within the analyzed context, a
lower-complexity model may be more effective. At first glance, this outcome may
appear contradictory given the strong performance also achieved by the CNN,
which represents a substantially more complex model. However, this apparent
discrepancy can be explained by considering the fundamentally different ways
in which SVMs and CNNs address the image classification problem.

SVMs operate on a set of previously extracted numerical features, and their
discriminative capability largely depends on the quality and representativeness
of these manually designed features. When such features are highly informative
and well aligned with the classification task, a linear decision boundary may be
sufficient to effectively separate the classes, while simultaneously reducing the
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risk of overfitting typically associated with more complex models. Moreover,
the lack of hierarchical feature learning makes SVMs particularly well suited to
scenarios in which the dataset size or the number of available training samples
is limited. Conversely, CNNs adopt an end-to-end learning paradigm, in which
hierarchical feature representations are learned directly from the raw input data.
This allows CNNs to model complex spatial patterns and high-level semantic
structures, but typically requires a substantially larger amount of training data
to fully exploit their representational capacity. In the presence of relatively
small or moderately sized datasets, the high model complexity of CNNs may
not yield a clear performance advantage and can, in some cases, be affected by
overfitting or suboptimal generalization.

Therefore, the observed results are not contradictory but rather reflect the
trade-off between model complexity, feature representation, and dataset size. In
particular, while linear SVMs can effectively leverage well-engineered features in
low- to medium-data regimes, CNNs tend to demonstrate increasing advantages
as the size of the dataset and the intrinsic complexity of the classification task
grow.



CHAPTER 6

Application of tele-rehabilitation
techniques

Within the overall scope of the STORMS project, an Internet of Medical Things
(IoMT) system based on the use of ReMoVES has been specifically designed for
multiple sclerosis rehabilitation.

This section presents the preliminary analysis of the results from the STORMS
project, conducted in collaboration with San Martino Hospital.

Two exergames, specifically developed to meet the needs identified during
the requirements analysis phase of the STORMS project, are introduced. The
section details the data collection process, providing definitions for the recorded
fields within the log files and describing the structure of both games, with partic-
ular attention to their levels and functionalities. To minimize patient distraction
and avoid interference from irrelevant background elements, both exergames
were designed using simple 2D graphical components.

6.1 Activities for Occupational Rehabilitation

In the field of tele-rehabilitation, to better analyze a patient’s performance dur-
ing motor activity, obtained through biomedical instrumentation and/or digital
technologies, it is necessary to process and evaluate the signals extracted from
the various sensors employed.

Based on Microsoft Kinect technology, ReMoVES Patient Client performs
calibration on the individual user in order to provide tailored results and allows
the therapist to monitor tests and activities through a Therapist Client that
can be consulted from different technologies (PCs, phones, tablets). On the
server side, all activity-related data and signals are processed using adaptive
approaches, enabling performance quality assessment, detection of the pattern
of complex activities actually performed, and detection of any compensating
movements. The extraction of significant data is performed only after suitable
nonlinear filters and adaptive segmentation which allow to extract statistics and
key indicators from signal fragments characterized by stationarity properties and
related to homogeneous measurement states. According to the ISO/IEC/IEEE
12207 standard, the development of the ReMoVES IoT system followed the
requirements engineering process consisting in defining the scope of the project,
the IoT system and its requirements [211], based on the defined stakeholders
and to the final destination user group.
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This doctoral thesis presents ReMoVES, an IoMT system that provides
telemedicine services in the context of multiple sclerosis rehabilitation, as part
of the STORMS project. The STORMS initiative, as the genesis of digital
tele-rehabilitation solutions, aims to enhance the quality of life for multiple
sclerosis patients. Offers specific exergames that encourage high repetition, pro-
vide guidance to the patient, and can be adapted to the needs of the individual
rehabilitation plan [212]. Through exergames, the automatic synchronization of
the acquired signals is made possible while fully respecting the patient’s time.
Also, its interface is very simple and intuitive even for people with impairments,
the delivery of the exercises is personalized and follows the individual activity
plan defined by the therapist in agreement with a multidimensional team. The
playful component of the exergame will help to increase motivation and adher-
ence to rehabilitation. At the same time, the system will favor the practice of
task-oriented exercises and muscle strengthening, favoring the improvement of
the patient’s functionality. To take into account the wide variability of patients’
conditions and disease progression, the most appropriate exercises can be as-
signed and the complexity of the required task can be adapted by defining a
range of difficulty levels. Thanks to the collection, integration and remote anal-
ysis of patient signals and data, the solution allows continuous monitoring of the
activities on which the therapist constantly updates the personalized exercise
plan.

6.2 Inclusion and Exclusion Criteria
Participant recruitment was based on the following inclusion criteria:
o Confirmed diagnosis of Multiple Sclerosis (MS).

e Age between 18 and 60 years.
e EDSS score < 7.5.

Additionally, participants were required to obtain scores below normative
thresholds (5th percentile, adjusted for age, sex, and education) in at least two
neuropsychological tests.

Exclusion criteria included:

e Presence of severe mood disorders.

e Recent steroid therapy (within the 2 months preceding the assessment).

Inability to maintain adequate visual fixation (e.g., due to nystagmus).
e Presence of post-chiasmatic perimetric visual field defects.

e Diagnosis of photosensitive epilepsy.
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e Insufficient compliance or motivation to adhere to the treatment protocol.

The neuropsychological assessment battery included standardized tests fre-
quently employed in cognitive evaluations of individuals with disabilities. Specif-
ically, the Brief International Cognitive Assessment for MS (BICAMS) and the
Paced Auditory Serial Addition Task (PASAT) with 3s and 2s intervals were ad-
ministered. The BICAMS battery comprises the Symbol Digit Modalities Test
(SDMT), the California Verbal Learning Test—Second Edition (CVLT-II), and
the Revised Brief Visuospatial Memory Test (BVMT-R). Recruitment eligibility
required participants to score below the 5th percentile in at least two of these
assessments.

Written informed consent was obtained from all participants prior to study
initiation.

Cognitive measures were collected at three time points: baseline (70), after
completing 10 exergame sessions (7'1), and one month following the end of the
intervention (7°2).

In addition to these scheduled neuropsychological assessments, daily moni-
toring of motor performance was made possible through parameters automati-
cally recorded during exergame sessions. This continuous data acquisition en-
abled a dynamic and detailed evaluation of each patient’s motor progress over
time. Moreover, indirect measures of effort and perceived fatigue were derived
from daily tracking of relevant parameters, such as the number of games played,
repetitions performed, movement speed and trajectory, game scores, postural
control, joint angles, range of motion, and more. Comparing the exercises ex-
ecuted with those prescribed provided valuable insights into the patient’s en-
gagement levels and the appropriateness of the proposed exercise regimen. This
approach allowed for a more individualized and adaptive rehabilitation pathway,
ensuring that the program was effectively aligned with each patient’s functional
abilities and therapeutic needs.

6.3 Study Design

The present pilot study was designed as a small-scale investigation with the pri-
mary objective of evaluating the feasibility, operational logistics, and potential
methodological challenges associated with the forthcoming clinical trial, rather
than assessing the efficacy of the proposed intervention [213]. As shown in Fig-
ure 6.1, a cohort of individuals with Multiple Sclerosis (pwMS) was recruited at
baseline (7°0) at San Martino Hospital, yielding a final sample of twenty partic-
ipants. This sample size was determined to satisfy the statistical requirement
for estimating the recruitment rate with a 90% confidence level and a precision
of +£15%, assuming an anticipated recruitment rate of approximately 20%.
This step provides a mixed-gender group of adults who vary in age, educa-
tional background, and the length of time they have had the disease. We have
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Excluded (n=14) Included in
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Home Study (n=7)

N

[Lost to follow-up (n=3)} Retained in follow-up (n=4)

Clinical reasons Analyzed

Figure 6.1: Flow diagram of the study.

20 adults (11 males and 9 females) with the following characteristics:

o Age range: 35 — 69 years, mean: 53.8, standard deviation: 7.8,
e Education range: 8 — 18 years, mean: 14.6, standard deviation: 3.1,
e Disease duration range: 8 —20 years, mean: 11.6, standard deviation: 3.4,

e Expanded Disability Status Scale (EDSS) range: 4.5 — 7, mean: 5.8, stan-
dard deviation: 1.0.

Following a series of supervised training sessions conducted within neurore-
habilitation clinics (Hospital Study), seven patients were selected to transition
to a telerehabilitation program delivered at home under remote clinical supervi-
sion. Exclusion from the home-based intervention was applied in cases of limited
technological literacy, despite the relatively young age of the cohort, or in the
absence of a competent caregiver available to support the patient at home.

Of these, four patients successfully completed the home-based program for a
minimum duration of one month, up to the 72 follow-up assessment. Three par-
ticipants discontinued the intervention prematurely due to concomitant clinical
complications, yielding a retention rate of 57%.

In the initial phase of the home study, no structured exercise prescription
was provided. In the absence of specific recommendations, participants were
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Figure 6.2: Flow chart of the proposed approach.

free to select activities based on personal preference. This approach resulted
in a marked tendency to favor simpler and more entertaining exercises, often
to the detriment of tasks with greater motor or cognitive demands. Conse-
quently, patients exhibited proficiency in basic exergames while showing limited
progression toward more challenging and functionally meaningful activities.

In light of these observations, the study protocol for subsequent home-based
interventions was revised to incorporate individualized, structured treatment
plans. A personalized exercise schedule was established for each patient, pre-
scribing specific activities to be performed from Monday to Thursday, thereby
promoting a balanced engagement with both basic and progressively demanding
tasks.

6.4 Working Method

The signal and data processing workflow adopted in this thesis is outlined in
Figure 6.2. Raw data is first acquired from the ReMoVES system, after which
the signals undergo filtering through various techniques designed to address the
potential issues typically associated with data captured by the Kinect sensor.

Subsequently, depending on the specific exergame under consideration, the
signals are segmented into smaller sections corresponding to individual primitive
movements. Following segmentation, a set of features is extracted from each
segment, which are then analyzed individually.

In particular, for angular features, this work adopts an approach similar to
that proposed by the authors in [214], considering the relative angles of body
joints. These angles are computed using Equations 4.31 and 4.27, which provide
the basis for analyzing joint kinematics within each movement segment.




6.5 Motor/Cognitive Exergames 99

6.5 Motor/Cognitive Exergames

As detailed in [114], a series of new cognitive exergames were developed within
the framework of the STORMS project, with the objective of addressing several
of the most prevalent symptoms associated with Multiple Sclerosis, including:

e Coordination impairments;

e Balance disturbances and dizziness;

e Visual disturbances, including potential deficits in color discrimination;
e Cognitive dysfunctions involving memory and learning difficulties;

e Reduced concentration capacity;

e Attention deficits and impaired computational abilities;

e Difficulties in executing tasks of higher cognitive or motor complexity;

e Impaired environmental perception.

All exergames are based on voluntary movements of the limbs. During game-
play, patients are required to coordinate their movements and execute corrective
reactions as necessary. Adequate motor and visuomotor coordination is essen-
tial for the correct performance of the proposed tasks. Additionally, both direct
and indirect observations of symptoms such as numbness in body regions and/or
extremities, as well as spasticity affecting movement quality, can be obtained,
particularly when the activities involve trunk and limb movements.

Patients interact with the system via body movements captured by the Mi-
crosoft Kinect sensor. Specifically, three types of movements are monitored:
shoulder flexion—extension, shoulder abduction—adduction, and bilateral trunk
inclinations.

An initial calibration procedure is performed for each participant to adapt
the game parameters to individual motor abilities. Real-time adjustments are
also implemented to optimize task difficulty and responsiveness during the ses-
sions. Developers are granted access to positional and orientational data of body
joints, which are directly integrated into the virtual environment within each
game scenario. In both the ReMoVES and STORMS projects, all 2D and 3D
graphical resources were sourced from various online repositories under Creative
Commons licenses.

Performance data from each session are recorded. At the end of each game-
play session, relevant performance indicators are compiled into a JSON file
for subsequent analysis. Furthermore, motion data are continuously logged,
as Kinect captures and stores the positional data of body joints throughout the
session. The resulting JSON file consists of an array of time-stamped events,
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each represented as a set of key-value pairs. Certain keys, such as Time, Score,
and Kinect (corresponding to the joint positions detected by the sensor), are
common across all exergames. The key Level is included in games featuring
multiple difficulty levels. Additionally, parameters such as CalibSide, RealSide,
and HandPositionX-Y are recorded exclusively in games involving upper limb
movements, representing respectively: the body side identified during the cali-
bration phase (0 = none, 1 = right side, 2 = left side), the hand detected during
active gameplay (0 = none, 1 = right hand, 2 = left hand), and the x and y
coordinates of the hand within the game environment.

The principal cognitive functions targeted by the exergames include atten-
tion, memory, and executive functions. Within these domains, the activities are
specifically designed to address the following cognitive components:

e Working memory: the capacity to control, regulate, and actively main-
tain task-relevant information in support of complex cognitive operations.

e Inhibitory control: an executive function enabling the suppression of
automatic or impulsive responses in favor of goal-directed behaviors.

e Selective attention: the ability to focus cognitive resources on a specific
object or stimulus in the environment for a defined period.

e Task switching and cognitive shifting: executive processes involving,
respectively, the unconscious and conscious redirection of attention from
one task to another.

e Multitasking: the capability to allocate attention to multiple simultane-
ous tasks or activities.

e Sustained attention: the ability to maintain cognitive focus on a task
or stimulus over an extended duration.

e Top-down attentional control: the capacity to direct attention vol-
untarily toward task-relevant features, objects, or spatial regions, while
suppressing irrelevant stimuli.

In some exergames, the patient is encouraged to reach consecutive on-screen
targets with the arm motion (reaching task). The more targets are taken, the
higher the in-game score. Such games aim at improving hand—eye coordination,
and spatial awareness.

Indirect measurements of symptoms such as numbness of the body and/or
extremities or spasticity that can complicate movements when playing with
pelvic or limb movements can be obtained. Only the analysis of Supermarkets
and Shelf Cans (Table 6.1) will be discussed in this thesis. The total game time
is 60 seconds for both.
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Table 6.1: Targeted cognitive domains of Supermarket and Shelf Cans exercise.

Exergames Targeted Exercise Gains

Hand-eye coordination of voluntary arm movements
Working memory
Supermarket  Visual memory
Inhibition and selective attention
Processing speed

Hand—eye coordination of voluntary arm movements
Reaction Time

Shelf Cans Inhibition and selective attention
Processing speed

6.5.1 Supermarket

This exergame is set within a virtual supermarket environment, where the player
is tasked with selecting specific items from store shelves. At the beginning of
each session, a list of target objects to be collected is presented on screen, with
a memorization period ranging from 8 to 25 seconds, depending on the selected
difficulty level. Following this interval, the patient is required to identify and
select the correct items by performing arm movements, detected via the Kinect
sensor.

Real-time auditory feedback is provided throughout the task, delivering a
distinct positive sound for correct selections and a negative sound in the event
of incorrect choices. In levels one, three, and four, once the player successfully
completes the initial list by collecting all required items, the same objects are
repositioned randomly within the environment and displayed again, prompting
the patient to locate and collect them a second time. This mechanic is intended
to increase cognitive demand by requiring sustained attention, memory recall,
and visuomotor coordination across successive trials.

e First level: a temporary list of three food names must be memorized
in eight seconds. Then, the player has to collect the relative objects,
moving them from the two lateral shelves into the shopping bag (placed
in the middle of the screen). Some non-food distractors appear on the
shelves. The semantic property (food or non-food) of the objects is the
crucial correctness factor of the activity. The game score decreases if wrong
objects are put into the bag. A visual feedback is also provided (initially
yellow health bar turns red when mistakes are made).

e Second level: the player has to memorize four ordered objects in ten sec-
onds. These objects must be collected among other distracting items slid-
ing on the conveyor belt. The game score decreases if the wrong object is
taken or if the order is not followed.
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e Third level: the player must memorize and follow four sequenced instruc-
tions in twenty seconds. Each instruction refers to a different semantic
characteristic (shape, color, or material) of the objects to be collected.
Collected items will not re-appear.

e Fourth level: it is like the third level, but it differs for the higher number
of the objects in the scene and the number of instructions (five instead of
four, to remember in 25 s). In addition, the objects will reappear on the
screen once collected.

In Figure 6.3, the screenshots of the four levels are provided, while Table
6.2 contains the list of features extracted. The aim of this game is to train
memory (verbal, non-verbal, and visual), inhibition and selective attention, and

hand—eye coordination.

(c) Level 2. (d) Level 3.

Figure 6.3: Some screenshots of the levels of Supermarket exergame.

Feature Description

CorrectTarget Number of targets correctly grabbed

WrongTarget Number of targets erroneously grabbed

CorrectTargetNOList | Number of targets not in the list but semantically correct
(only Level 1)

ObjOutOfSequence Number of targets grabbed out of sequence (Levels 2, 3, 4
only)

PassedLevel Number of completed rounds

TargetPositionX-Y X and Y coordinates of the grabbed target

BagPositionX-Y X and Y coordinates of the shopping bag (Level 1 only)

Hand-Object Indicates whether the hand has grabbed an object (0 = no
object, 1 = object grabbed)

Table 6.2: Features extracted from the Supermarket exergame.
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6.5.2 Shelf Cans

In this exergame, the player is required to arrange colored soda cans onto a
virtual shelving unit. Specifically, the task involves moving a can of a given color
toward the corresponding shelf compartment. The shelving layout is organized
such that the top-right, top-left, and bottom-left corners are designated for
orange, green, and red cans, respectively.

The primary objective of Shelf Cans is to enhance patients’ selective atten-
tion and rule-based decision-making, as participants must accurately match the
color of each can to the appropriate shelf location. Errors are penalized through
a score reduction and the delivery of a negative auditory cue, reinforcing correct
execution and promoting attentional control.

A screenshot of the game is provided in Figure 6.4 and Table 6.3 contains
the list of the extracted parameters. This game is aimed at stimulating hand-
eye coordination of voluntary arm movements, reaction time, inhibition and
selective attention, and processing speed.

Figure 6.4: Screenshot of Shelf Cans exergame.

Feature Description
CorrectTarget Number of cans correctly placed on the intended shelf
WrongTarget Number of cans placed on the wrong shelf

originPositionX-Y | X and Y coordinates of the position where each can appears
targetPositionX-Y | X and Y coordinates of the target shelf position

Table 6.3: Features extracted from the Shelf Cans exergame.

6.6 Case Studies

In the following sections, a detailed analysis is presented for two patients who
engaged in home-based telerehabilitation using the system over an extended
period. The parameters monitored for these individuals, hereafter referred to
as Patient A and Patient B, are comprehensively described.
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Patient A is a 49-year-old male with an Expanded Disability Status Scale
(EDSS) score of 7, who relies on a wheelchair for mobility. He used the Re-
MoVES system at home for approximately one month without a predefined
therapeutic prescription. The principal findings emerging from his participa-
tion are reported in Section 6.6.1.

The patient discussed in Section 6.6.2, referred to as Patient B, is a 56-year-
old female with an EDSS score of 6, requiring assisted ambulation. She utilized
the system at home for a duration of four weeks. In her case, a structured
weekly rehabilitation program was prescribed by the clinical team, specifying
the exergames to be performed each week. At the conclusion of every week,
a brief performance report was generated, enabling healthcare professionals to
review outcomes and tailor subsequent therapy plans according to the patient’s
evolving needs. The weekly results will be examined in detail, comparing the
prescribed activities with those actually completed by the patient.

Cognitive assessment scores at baseline (T0) for both Patient A and Patient
B are reported in Table 6.4. The table includes scores from the Mini Men-
tal State Examination (MMSE), Paced Auditory Serial Addition Test (PASAT,
3-second and 2-second intervals), Symbol Digit Modalities Test (SDMT), Cali-
fornia Verbal Learning Test — Second Edition (CVLT-II), and Brief Visuospatial
Memory Test — Revised (BVMT-R), along with the corresponding 5th percentile
cutoff values. These cutoffs were adjusted to account for the patients’ educa-
tional attainment, both having completed less than 12 years of formal education.
Patient A is below the cutoff in PASAT, SDMT, and BVMT-R; Patient B is
below the cutoff in SDMT and BVMT-R. PASAT tests failed (i.e., N).
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MMSE PASAT-3" PASAT-2" SDMT CVLT-1I BVMT-R
Score Cutoff Score Cutoff Score Cutoff Score Cutoff Score Cutoff Score
Patient A  28.62 23.8 19 32 5 20 28.5 34.20 51.32 29.05 6/36
Patient B 29 23.8 N 32 N 20 26.2 34.20 52.05 29.05 2/36

Table 6.4: Cognitive assessment scores for Patient A and Patient B at T0.

Below-grade values are highlighted in red. The 5th percentile cutoff

values.
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6.6.1 Patient A

Patient A used the ReMoVES system at home for almost a month without any
prescription and his activity was observed throughout the period. Table 6.5
summarizes the number of sessions played for each exergame, specifying the
chosen level.

‘ Exergame ‘ Level ‘ N.Session ‘
Shelf Cans 1 26
Supermarket 1 3

Table 6.5: Number of sessions performed by Patient A for each exergame.

As one can notice, the patient played mainly at the first level of each activity,
focusing more on Shelf Cans.

Referring to the Supermarket exergame, the patient’s cognitive failures con-
cern two types of errors that may occur when taking various objects. A simple
error, the so-called semantic error occurs when taking a wrong object belong-
ing to the same category as the one described (food or no-food); a more serious
error occurs when the taken object belongs to a different semantic class than
the requested object. From Figure 6.5, it can be observed that the patient made
some errors, even at the semantic level.

The errors committed in sessions 1, 2 and 3, respectively, are reported in
Table 6.6 together with the objects in the to-do list. Such errors are most likely
the reason why the patient played this game so little and only at the first level.

Objects in Supermarket Patient A

B
6
4
2
0

Figure 6.5: Objects taken, errors and semantic errors in supermarket sessions
(Patient A). Semantic errors (in yellow) are considered less “serious”
than errors (in grey).

1 2 3

W OBJECTS TAKEN ERRORS SEMANTIC ERRORS
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Session  To-do-List Wrong Objects

1 Banana—Pretzel-Watermelon Book-Book

2 Chicken—Watermelon—Mushrooms  Glasses—Cap—Book
3 Pretzel-Mushrooms—Banana Book-Book

Table 6.6: Error objects correspond to those highlighted in grey in Figure 6.5

The learning curve for the Shelf Cans activity reported in Figure 6.6 depicts
the progression of gaming performance with increased experience measured by
the number of sessions. Gaming performance is quantified as a percentage in-
crease relative to the first session. As expected, one can observe a low score
in the initial sessions and a subsequent steady improvement during the later
sessions.
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Figure 6.6: The learning curve for the Shelf Cans over 26 sessions, Patient A.

To analyze patient performance in executing the Shelf Cans exergame, var-
ious parameters are observed and plotted. Figure 6.7 shows a motor-cognitive
analysis when the patient was playing Shelf Cans activity. Despite the trajec-
tories seeming more controlled and precise, the patient hesitates and fails to
lead the can of soda towards the shelf of the corresponding color, indicating a
cognitive deficit.
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Figure 6.7: Each point corresponds to the temporal position of the tin can on
the screen. Orange circles, red triangles, and green squares refer to
orange cans, red cans, and green cans, respectively. In the session,
the subject has a controlled movement but sometimes delivers the
tin can with hesitation in the wrong shelf

Figure 6.8 provides an overview of the results, illustrating the angles between
the optimal trajectories and the trajectories performed by patients, along with
the time elapsed in moving the colored cans to their corresponding shelves.
The graphs on the left depict the angles between the optimal trajectory and the
trajectory executed by the patient. Meanwhile, the graphs on the right illustrate
the time taken to complete the required movement. The results for the red,
orange, and green trajectories are displayed from top to bottom, respectively.
In addition, a correlation between the angles (indicating precision of movement)
and the times (reflecting speed of execution) can be observed. For the red

can, there exists a negative correlation (p = —0.48), suggesting that as speed
increased, accuracy decreased. In contrast, for the orange can, there is a low
correlation (p = —0.10). Notably, for the green can, a positive correlation is

evident (p = 0.53), indicating the individual’s ability to maintain both speed
and precision in their movements.
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Figure 6.8: Angles between the optimal trajectory and the one performed by the
patient (left). Execution times to perform the required movement
(right). Subfigures (a,b) refer to the red cans, (c,d) to the orange
cans, and (e,f) to the green cans.

The Figure 6.9 illustrates the temporal variations of the functional shoulder

joint angles evaluated in three planes: frontal, sagittal and transverse. Each
point represents a measure at a specific point in the follow-up. It is observed
that the sagittal plane consistently shows the highest values, approaching 170 —
180°, indicating a wide freedom of movement forwards and backwards. This
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suggests that this component of shoulder ROM is the least limited in the patient
considered. In the frontal plane, however, the movement starts from lower values
in the first measurements, but gradually tends to increase, stabilizing at values
around 110—130°. This may reflect progressive recovery or decreased restrictions
in lateral movements. The transverse angle has the greatest limitations: the
values are generally lower than in the other planes and show a lower tendency
to improve over time. This suggests that the movements associated with the
transverse plane (rotations, horizontal abductions or complex movements) are
those most hindered in joint functioning. These data indicate, after the first
sessions, significant recovery in sagittal and frontal movements, while restrictions
persist in the transverse plane. Furthermore, the stability observed in each plane
after the first increments suggests that a functional plateau was reached, useful
as a reference for future evaluations.
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Figure 6.9: Shoulder angle range of motion: Patient A.

Finally, a comparison between Patient A and a group of healthy subjects is
depicted in the box plots illustrating the angle between trajectories (see Figure
6.10). For the red and green trajectories, both the patient’s (in red) and the
healthy group’s (in blue) box plots exhibit striking similarity, displaying a cer-
tain symmetry in the data distribution. In contrast, for the orange trajectory,
the patient’s box plots include some outliers, representing the mistakes made in
placing some cans on incorrect shelves.
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Figure 6.10: Box plot depicting the values of trajectory angles of Healthy Sub-
jects (HS, blue) and Patient A (patA, red).

6.6.2 Patient B

The second study incorporates the prescription provided to the patient under-
taking rehabilitation exercises at home. Patient B used the ReMoVES system
at home for a 4-week period. Table 6.7 lists the exergames recommended for
each week, along with the level and the minimum number of sessions suggested.

Week | Exergame | Level | Prescription
1 Shelf Cans 1 4
Supermarket 1 4
2 Shelf Cans - -
Supermarket 1 5
3 Shelf Cans - -
Supermarket 1 5
4 Supermarket 1 5
Supermarket 2 5

Table 6.7: Plan of care of the activities prescribed for 4 weeks.

Remote observation of the patient’s activity includes an assessment of ad-
herence to the prescription and provides insights into the patient’s condition,
including levels of difficulty in task execution, fatigue, and stress. Although
the patient did not strictly adhere to the prescription during the first week, she
achieved commendable results in the assigned activities. Furthermore, there was
a notable decrease in the number of sessions conducted during the final week.

A comparison between actual and prescribed gaming sessions highlighted a
significant discrepancy. Various factors likely contributed to this gap, affect-
ing the patient’s participation across different activities and prescriptions. The
necessity to juggle multiple activities may have impacted her motivation and
willingness to consistently engage in rehabilitation sessions. To enhance future
interventions, it may be beneficial to adopt a more comprehensive and balanced
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approach tailored to individual needs and prescribed activities, which can ben-
efit from the available observations. Addressing factors influencing participa-
tion can help ensure greater consistency in exercise adherence and facilitate the
achievement of desired outcomes.

6.6.3 Cognitive Assessment

Table 6.8 presents the cognitive assessment scores for Patient A and Patient B
at T'1, at the end of 10 sessions. One can notice a general improvement, which
is particularly significant for PASAT-3" and SDMT, which is now above the
cutoff for both patients. Finally, one month after the end of treatment (i.e, T'2),
Table 6.9 shows that all indexes have been preserved or improved. BVMT-R
scores show a significant increase from 70 and after T'1 even though they are
still below the cutoff but not too far from reaching it.
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Table 6.8: Cognitive assessment scores for Patient A and Patient B at T'1. Val-
ues below the cutoff are highlighted in red. Values in blue are below
the cutoff but not far from reaching it.
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Table 6.9: Cognitive assessment scores for Patient A and Patient B at T2. Val-
ues below the cutoff are highlighted in red. Values in blue are below
the cutoff but not far from reaching it.
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Finally, Figure 6.11 and Figure 6.12 compare all cognitive measures at base-
line (7°0), at the end of the 10 sessions (7'1), and one month after the end of
treatment (7°2).

Patient A
70
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Figure 6.11: Cognitive measures at 70,71, and T2 for Patient A.

The first one shows the trend of Patient A cognitive performance evaluated
at three different time points (TO=orange, T1=yellow, T2=green) through a
battery of standardized neuropsychological tests. The red dots indicate the
reference cut-off values, i.e. the clinical threshold below which performance is
considered deficient. From the graph we observe that the MMSE score remains
stable and above the clinical threshold in all sessions. In the PASAT-3" and
PASAT-2" tests, the initial scores are below the cut-off, but show progressive
improvement, particularly for PASAT-2". In the processing speed test (SDMT),
the patient presents a significant increase from TO to T2, significantly exceeding
the cut-off. Verbal memory (CVLT-II) remains relatively stable, always at values
above the threshold. Visuospatial memory (BVMT-R) shows improvement from
TO to T2, with scores only passing the cut-off in subsequent assessments. The
general improvement of all the indexes can be observed at once.

The second one represent B patient’s performance for the same different
time points. Also in this case, the red dots indicate the clinical reference cut-off
values, used to discriminate normal performance from deficient performance.
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Figure 6.12: Cognitive measures at 70,71, and T2 for Patient B.

The analysis shows that the MMSE score remains constant and stably above
the clinical threshold, indicating adequate global cognitive function. In divided
attention tests (PASAT-3" and PASAT-2"), the values are low and consistently
below the cut-off, suggesting persistent impairment in this cognitive domain,
with no obvious improvement over time. In the processing speed test (SDMT),
the patient shows a significant increase from TO to T2, reaching values close to
or above the clinical threshold, indicating a partial recovery of attentional skills
and rapid processing. Verbal memory (CVLT-II) remains elevated and consis-
tently above the cut-off in all assessments, with a slight improvement over time.
Visuospatial memory (BVMT-R) shows initially deficient values (T0), but with
a clear improvement at T2, in which the patient exceeds the reference threshold.
Overall, the Patient B profile highlights stability of general cognitive functions,
a persistent deficit in PASAT tasks, but also a progressive improvement in fast
processing skills and visuospatial memory, which become clinically relevant in
final assessments.

6.7 Case Study Results

In the framework of the STORMS project, the utilization of ReMoVES has been
positively embraced by all patients, regardless of age, including elderly individ-
uals typically less inclined towards emerging technologies. This has resulted in
increased adherence to rehabilitation protocols, also enhancing the duration of
treatment per session. An informed consensus was obtained from the partici-
pants before the beginning of the activity and they consented to the processing
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of the data obtained for scientific research purposes; in addition, the principles
of the Declaration of Helsinki were followed.

The cognitive assessments administered at TO, T1, and T2 indicate an over-
all improvement across all evaluated indices for Patients A and B. In particular,
marked gains are observed in the SDMT, BVMT-R, and PASAT scores. Nev-
ertheless, PASAT-2" and PASAT-3" values remain below the established cutoff
thresholds. With respect to motor performance, continuous monitoring was
shown to provide a comprehensive and dynamic characterization of both pa-
tient status and functional progression. The collected metrics include, but are
not limited to, the number of exergames performed, repetition frequency and
execution speed, game scores, postural parameters, joint angles, and range of
motion. A comparison between the prescribed exercises and those actually ex-
ecuted proved essential for assessing patient adherence and the appropriateness
of the rehabilitation protocol. This analysis enables the identification of mis-
matches between task demands and patient capabilities, thereby supporting the
optimization and personalization of the rehabilitation process. Furthermore,
the graphs and figures reported in Section 6.6 for both patients demonstrate
a rapid learning curve, accompanied by consistent improvements in movement
accuracy, control, execution precision, and task comprehension.

Current literature highlights a limited number of studies addressing home-
based telerehabilitation, particularly in the context of multiple sclerosis. This
paucity can be attributed to several factors, including technological constraints,
as well as challenges related to system usability, user acceptance, and the fre-
quent need for caregiver involvement. The majority of existing works have
focused on rehabilitation technologies deployed in controlled clinical or labora-
tory environments, with comparatively less attention devoted to their feasibility,
effectiveness, and long-term adoption in home-based settings.



CHAPTER 7

Conclusion

The aim of this thesis was to exploit the potential and cross-cutting nature of
digital signal processing to introduce innovative methodologies for biomedical
image processing and data analysis using markerless systems, with the overall
goal of contributing to the advancement of digital and enabling technologies in
the medical field. The work primarily focused on two main areas: diagnostic
imaging and telerehabilitation. Both domains have gained increasing impor-
tance in recent years, reflecting the growing demand for flexible and efficient
medical technologies.

7.1 Discussion

Diagnostic imaging and telerehabilitation are closely interconnected, both from
a clinical perspective and from a technological standpoint. Clinically, rehabili-
tation plays a crucial role in the management of numerous pathological condi-
tions, often initially identified through diagnostic imaging. From a technological
perspective, tools developed for diagnostic purposes provide essential informa-
tion that supports the design of effective rehabilitation strategies. Furthermore,
the emergence of web-based technologies has enabled improved access to diag-
nostic resources and disease-management information, underscoring their grow-
ing significance in contemporary healthcare. The proposed approaches aim to
integrate signal and image processing methodologies, based on mathematical
modeling and machine learning algorithm, for the extraction, analysis, and in-
terpretation of signals and imaging data. The overall objective is to ensure
robust, adaptable and clinically meaningful data analysis in heterogeneous but
complementary medical applications.

With regard to diagnostic imaging (Chapters 3 and 5), the main contri-
bution of this work lies in the integration of traditional image processing tech-
niques within a preprocessing stage, combined with machine learning algorithms
for classification. Specifically, the preprocessing phase introduces a Focus-of-
Attention Mechanism designed to enhance the gray levels of the Glisson line
while attenuating the intensity values associated with the hepatic parenchyma
and surrounding tissues. This procedure yields a Region of Contrast Interest
(ROCI), in which potential sources of classification bias are minimized. For
the classification task, a convolutional neural network (CNN)-based model is
employed.

With regard to telerehabilitation (Chapters 4 and 6), and within framework
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of the STORMS project, an Internet of Medical Things (IoMT) system lever-
aging ReMoVES technology was specifically developed for the rehabilitation of
patients with multiple sclerosis. The data collected from such patients were ana-
lyzed using State-of-The-Art methodologies, with the aim of supporting control
tasks and identifying suitable indicators to effectively summarize game-based
rehabilitation sessions.

7.2 Future Perspectives

The integration of IoT, DSP, and Al technologies is enabling novel and in-
creasingly effective approaches for the analysis and interpretation of complex
biomedical data.

Conducting research within clinical and industrial environments represents
a valuable opportunity, as it allows researchers to directly address one of the
most critical challenges in translational research: the fact that a growing vol-
ume of scientific output in this field does not necessarily lead to tangible clinical
advancements. In many instances, research efforts are primarily driven by aca-
demic incentives rather than by the concrete needs of clinicians and patients. In
this context, the deployment and evaluation of the proposed research framework
within real clinical workflows proved to be essential for systematically assessing
both its potential clinical benefits and its inherent limitations.

Specifically, the proposed pipeline—comprising ultrasound image acquisi-
tion, application of a Focus-of-Attention Mechanism, and subsequent classifica-
tion via a neural network—may serve as a valuable diagnostic support tool by
significantly reducing operator-dependent variability. Nevertheless, for such a
system to be clinically applicable, a minimum accuracy threshold of approxi-
mately 80% is generally required. While the proposed approach satisfies this
requirement in the binary classification setting, the performance achieved in the
multiclass scenario remains insufficient. Addressing this limitation necessitates
the availability of larger and more diverse datasets, both within the proposed
framework and across alternative deep learning-based approaches. A promising
direction for future work involves validating the proposed model on datasets
acquired using heterogeneous imaging devices, in order to assess the robust-
ness and generalization capability of the Focus-of-Attention Mechanism under
real-world variability.

In the field of telerehabilitation, IoT-based technologies offer significant po-
tential benefits for patient care, including improved continuity of treatment,
increased personalization of rehabilitation protocols, and enhanced patient en-
gagement. Despite this potential, the existing literature reveals a limited num-
ber of contributions specifically addressing home-based telerehabilitation for
patients affected by multiple sclerosis. This shortage can be attributed to mul-
tiple factors, including technological constraints, as well as challenges related to
system usability, user acceptance, and the frequent requirement for caregiver as-
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sistance. Consequently, most studies have focused on rehabilitation technologies
deployed in controlled clinical or experimental environments, with comparatively
limited attention devoted to their real-world applicability and effectiveness in
home-based scenarios. A promising direction for future research can be lies in
the integration of machine learning—based biofeedback systems within telereha-
bilitation platforms, capable of reliably discriminating between correctly and
incorrectly executed exercises. Such systems could provide real-time feedback
to patients, reduce the risk of improper execution and associated injuries, and
ultimately contribute to improved rehabilitation outcomes.

The world of IoT, includes the development of architectures and platforms,
security requirements, policies and regulations that should be taken into ac-
count in future research especially if other technologies, such as big data and
cognitive systems, could fit into this context. At the same time, artificial in-
telligence presents both opportunities and challenges. While neural networks
and advanced learning models have shown remarkable potential for classifica-
tion and prediction tasks, their adoption is limited by the scarcity of annotated
data, variability across clinical populations, and the well-known black-box prob-
lem. Ethical, regulatory, and computational constraints further highlight the
need for caution and rigorous validation. Future prospects are moving towards
the adoption of approaches such as federated learning, which allows for the dis-
tributed training of models on clinical data belonging to multiple institutions
without violating privacy, and the development of explainable Al techniques,
aimed at making the decision-making processes of models more transparent and
interpretable.

Essential will be the synergy between DSP and AI. Signal processing will
play a key role in the extraction of meaningful features, thereby improving the
reliability and interpretability of machine learning models applied in clinical
practice. These advances will also support the development of personalized
therapeutic strategies, where adaptive signal analysis allows treatments to be
tailored dynamically to the individual patient’s condition. Taken together, these
perspectives highlight how DSP will continue to play a central role in the evolu-
tion of digital medicine, supporting both diagnostic innovation and the delivery
of more effective, personalized, and secure healthcare solutions.
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PhD activities

8.1 Publications record
International Journals

e M. Trombini, F. Ferraro, G. Iaconi, L. Vestito, F. Bandini, L. Mori, C.
Trompetto, S. Dellepiane, “A study protocol for occupational rehabilita-
tion in multiple sclerosis,” Sensors, vol. 21, no. 24, p. 8436, 2021. DOI:
10.3390/521248436

e Vestito, L., Ferraro, F., Taconi, G., Genesio, G., Bandini, F., Mori, L.,
Trompetto, C., Dellepiane, S. STORMS: A Pilot Feasibility Study for
Occupational TeleRehabilitation in Multiple Sclerosis. Sensors 2024, 24,
6470.

DOTI: https://doi.org/10.3390 /524196470

e Dellepiane, S., Vestito, L., Mori, L., Trompetto, C., Bandini, F., Iaconi,
G., Ferraro, F. and Genesio, G., 2024. STORMS: Occupational Telereha-
bilitation in Multiple Sclerosis.

e Iaconi, G., Wehbe, A., Borro, P., Maccio, M. and Dellepiane, S., 2025. A
Supervised System Integrating Image Processing and Machine Learning
for the Staging of Chronic Hepatic Diseases. Electronics, 14(8), p.1534.

International Conferences

e Conference SysInt: Taconi, G. et al. (2022). Graph-Based Segmenta-
tion and Markov Random Field for Covid-19 Infection in Lung CT Vol-
umes. In:, et al. Advances in System-Integrated Intelligence. SYSINT
2022. Lecture Notes in Networks and Systems, vol 546. Springer, Cham.
https://doi.org/10.1007/978-3-031-16281-7 5

e Conference Healthcom: F. Ferraro, G. Iaconi, M. Simonini, S. Dellepiane
(2022, October). “Signal processing for remote monitoring of home-based
rehabilitation support activities”, In 2022 IEEE International Conference
on E-health Networking, Application & Services (HealthCom) (pp. 192-
198). IEEE, DOI: 10.1109/HealthCom54947.2022.9982749, ISBN: 978-1-
6654- 8016-1

Book Chapters
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8.2

8.3

8.4

F. Ferraro, G. laconi, G. Genesio, R. Truffelli, R. Amella, M. Simonini,
S. Dellepiane. (2023, September). “Spatial Exploration Indicators in the
Remote Assessment of Visual Neglect”. In International Conference on
Image Analysis and Processing (pp. 552-563). Cham: Springer Nature
Switzerland.DOI: 10.1007,/978-3-031-43153-1 46,ISBN:978-3- 031-43153-
1

G. Iaconi, F. Ferraro, M. Balletto, D. Solarna, M. Trombini, G. Moser,
S. Dellepiane, “Graph-based segmentation and markov random field for
covid-19 infection in lung ct volumes,” in Advances in System-Integrated
Intelligence (M. Valle, D. Lehmhus, C. Gianoglio, E. Ragusa, L. Semi-
nara, S. Bosse, A. Ibrahim, and K.-D. Thoben, eds.), (Cham), pp. 43-52,
Springer International Publishing, 2022. DOI: 10.1007/978-3-031- 16281-
7 5, ISBN: 978-3-031-16281-7

Scientific Society

IEEE EMBS - Engineering in Medicine and Biology Society - graduate
student member.

IEEE GRSS - Geoscience and Remote Sensing Society - graduate student
member.

IEEE SPS - Signal Processing Society - graduate student member.

IEEE BISP Technical Committee - Bio Imaging and Signal Processing -
affiliate member.

Conferences and Workshops

International Conference on Image Analysis and Processing (ICIAP 2023),
11-15 September 2023, Udine. Poster presentation of “Spatial Exploration
Indicators in the Remote Assessment of Visual Neglect”.

Ph.D Summer/Winter schools

Machine Learning: A Computational Intelligence Approach 2022, held by
Prof. Francesco Masulli, Prof. Stefano Rovetta, Unige.

Deep Learning and Computer Vision School (DLCV) 2023, MaLGa Cen-
ter, Genoa from the 5th to the 9th of June 2023.
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8.5

8.6

Seminars

“La medicina digitale: stato dell’arte e prospettive”, Liguria Digitale, Gen-
ova.

“La plasticita del cervello in eta adolescenziale”, IANUA seminar, Genova.

Pillole Di Telemedicina (IV) - Telemonitoraggio e teleriabilitazione con
focus sulle tecnologie, Ordine degli Ingegneri di Genova, Genova.

Teaching activities

Assistant and Subject Expert for the course of Elaborazione digitale delle
immagini storico-artistiche, Master of Storia dell’Arte e Valorizzazione del
Patrimonio Artistico, University of Genoa, Italy.

Teaching support activities (laboratories) for the course of Digital Image
Processing, Master of science course in Internet and Multimedia Engi-
neering, Master of science course in Electronic Engineering, University of
Genoa, Italy.

Seminar on Convolution Neural Network (CNN) for the course of Digital
Image Processing, Master of science course in Internet and Multimedia En-
gineering, Master of science course in Electronic Engineering, University
of Genoa, Italy.

Co-supervisor of B.Sc. Theses in Biomedical Engineering.

8.7 Experience developed outside the University

of Genoa during PhD

Activity: STORMS project (Solution Towards Occupational Rehabilita-
tion for Multiple Sclerosis) aimed at the design and development of serious
games for cognitive assessment and rehabilitation for patients with multi-
ple sclerosis.

Period of time: 6 month (2022)
Hosting institution / industry: Ospedale Policlinico San Martino

Activity: GLQ-O1 project to create a classification system for liver fibrosis,
using a set of B-mode ultrasound images, as an alternative to currently
proposed methods that base staging level identification on elastometry and
biopsy.
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Period of time: 1 years (2023-2024)

Hosting institution/industry: Ospedale Policlinico San Martino ed Esaote

S.p.A.

8.8 Other Activities

e Partecipation in the Rotary Project “Medicina Digitale per la Prevenzione
e la Cura”, January- May 2023, Genova.

e Project organization and coordination in the Erasmus+ KA 107 (Ttalia-
Africa), 2021-2023.

e Collaboration with ASL3 for tele-rehabilitation and telemedicine project.



Acronyms

AT Artificial Intelligence.
ANN Artificial Neural Network.

CAD Computer-aided detection.

CI Cognitive impairment.

CLD chronic liver diseases.

CNN Convolutional Neural Network.
CNS central nervous system.

CT X-ray Computed Tomography.
DSP digital signal processing.

ICT Information and Communication Technologies.
ITD Independent and Identically Distributed.
IoMT Internet of Medical Things.

IoT Internet of Things.

M2M machine-to-machine.

ML Machine Learning.

MRI Magnetic Resonance Imaging.
MS Multiple Sclerosis.

ODYV Outlier Detection Values.

PCA Principal Components Analysis.

PET Positron Emission Tomography.

ReMoVES Remote Monitoring Validation Engineering System.
RMI Measurement Reliability Index.

ROCI Regions of Contrast Interest.
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ROI Region of Interest.
ROM Range-of-Movement.

SNR Signal-to-Noise Ratio (SNR).

SoA State of the Art.

SRAD Speckle Reducing Anisotropic Diffusion.

STORMS Solution Towards Occupational Rehabilitation in Multiple Sclerosis.
SVM Support Vector Machine.

SWE Shear Wave Elastography.

ToF Time-of-Flight.
US Ultrasound Imaging.

VR virtual reality.
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