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Abstract

In recent years, the increasingly widespread use of artificial intelligence systems
has led to a significant increase in the demand for computational resources,
raising questions regarding the energy sustainability and efficiency of the mod-
els. This research work fits into this context with the aim of developing and
integrating deep neural network architectures that are computationally effi-
cient and suitable for real-world applications in the medical domain, where
the scarcity of labelled data and stringent privacy restrictions represent major
constraints. Through the project, several directions of research were explored:
in a first step, a training process optimisation strategy called Learn&Drop
was proposed, which allows to dynamically identify and remove less relevant
layers during training, reducing the number of parameters and improving com-
putational efficiency. On this basis, a lightweight architecture was designed,
the Few-Parameter Architecture (FPA), capable of maintaining competitive
performance in classification and segmentation while operating with reduced
computational resources. The experimental validation of these models was
conducted on real biomedical data, characterised by high variability and the
presence of artefacts, in order to meet realistic and challenging requirements
aligned with the state of the art. A primary issue that emerged lies in the
integration of Al into clinical flows, which led to the development of I0Deep,
a DICOM-compliant data structure that enables complaint entry into hospi-
tal PACS, ensuring patient privacy and compliance with field protocols. The
domain considered presents an additional challenge, namely the scarcity of an-
notated data, which in the first instance was addressed using generative Al
approach to generate cross-domain synthetic images useful to fill this gap. In
addition, a meta-learning-based approach based on the few-shot segmentation
paradigm was developed. In this way, even where synthetic generation is not
sufficiently reliable, it is possible to provide clinical practice with tools capa-
ble of operating under conditions of low data availability. Overall, the results
obtained highlight how it is possible to reconcile predictive accuracy, com-
putational efficiency and environmental sustainability through the adoption
of innovative architectural design techniques and adaptive learning strategies,
thus contributing to the development of viable and safe artificial intelligence

solutions in the health sector.
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Chapter 1

Introduction

Artificial intelligence (AI) has become an established factor in everyday life.
Apps that recommend transportation routes, voice assistants like Siri and
Alexa, and algorithms that tailor social media material are all examples of
imperceptible yet successful technologies. In healthcare, Al enables earlier
and more accurate diagnosis, improve access to care. Even at work, technol-
ogy automates tedious chores, leaving up more time for creativity. The benefits
are significant: it may improve productivity, eliminate waste, and democratize
access to technology. Furthermore, when utilized appropriately, Al has the
potential to help tackle global problems such as climate change and expanding
educational possibilities. The real issue is to develop it ethically and inclu-
sively, so that the benefits are shared by all people. The demonstrated ability
to process vast amounts of data and succeed in difficult tasks has made it a
tool to support various operations in order to boost productivity and efficiency
by reducing errors and biases caused by subjective decisions or evaluations of
operators.

In my research project, I conducted a systematic analysis of state-of-the-art
neural networks with the goal of gaining a thorough understanding of their
architectures, training techniques, and the major challenges that remain un-
solved, in order to assess the impact of the number of training parameters on
semantic segmentation performance. This work addressed particular essential
difficulties in model optimization methods, aiming at finding a balance be-
tween prediction accuracy and computing efficiency. The analysis emphasized
the need of advanced tactics for improving model convergence and mitigating
concerns like overfitting and sensitivity to beginning conditions. In fact, while
AT has many benefits, it also has a substantial environmental impact, owing
to the enormous energy consumption required by data centers for training and

model inference. These energy-intensive processes are mostly powered by coal-
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Figure 1.1: Top 20 Al systems in terms of carbon emission for a single training
run [1].

and gas-fired power plants, whose intensive output contributes significantly to
the rise in greenhouse gas emissions, with irreversible repercussions for climate
change. Furthermore, resource consumption reveals itself in the increased de-
mand for water resources and heat transfer systems within data centers.

In their 2024 paper [1], Yu et al. analyzed the carbon emissions of 79
prominent Al systems released between 2020 and 2024. They reported that
the total emissions of the top 20 systems could reach up to 102.6 million tonnes
of COy equivalent per year (see Figure 1.1).

This might have a substantial impact on environmental economics, creating
a market with costs that could surpass $10 billion per year, given expected
to carbon penalties in the near future. As a result, the study emphasizes
the significance of adopting standardized quantitative analysis procedures in
order to produce adequate measurements for quantifying the carbon emissions
connected with Al systems. This would encourage the sector to invest in green
practices and technology within these restrictions, propelling the increasingly
collaborative Al world toward a more sustainable future.

Fortunately, the research community is beginning to develop a growing
awareness of these issues. De Vries 2] in his 2023 paper, analyses the im-
pact of massive and globally used applications such as web browsers. As can

be seen from the Figure 1.2, energy consumption will grow over the years to
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Figure 1.2: Estimated energy consumption per request for various Al-powered
systems compared to a standard Google search |2].

approximately 9Wh per search request on browser-accessible search engines.
In fact, the introduction of Al in Google Chrome would result in an annual
electricity consumption similar to that of the whole country of Ireland for each
search. De Vries himself emphasizes the significance of developing methods to
monitor and regulate these platforms, preventing their indiscriminate usage.
To deal with this issue, different ways for lowering computing costs or pro-
viding greener solutions have been offered. In 2024, Schwartz [13| introduces
a paradigm for evaluating energy efficiency in NLP models, including com-
putational metrics alongside traditional accuracy criteria. Canedo et al. [14]
empirical investigation demonstrates that using optimized training approaches
and renewable energy-powered cloud infrastructures can greatly lower the car-
bon footprint of machine learning models. Patterson et al. [15] present an-
other example that outlines the primary criteria known as best practices for
containing and reducing ML-related emissions. This work shows that using
more efficient models, specialised hardware, optimised data centres (in the
cloud) and sources with reduced emissions can halt, and even reverse, the
trend of growing carbon footprints over the next few years. A recent example
was Deepseek [16] which uses techniques inspired by the work of "Efficiency
Misnomer’ [17]|, demonstrating that intelligent parameter selection, as well as
the use of FlashAttention presented by Dao et al. [18] reduce the load on
the memory during training, halving the GPU usage and thus reducing the

overall cost by 30 — 50%. This avoids unnecessary computational processes



and optimizes resource use, mitigating the environmental impact of artificial
intelligence and increasing its sustainability. However, most efforts in this di-
rection have focused on general-purpose models or large-scale applications in
fields such as natural language processing or computer vision. The biomedical
field, despite its critical societal importance and the growing adoption of Al
technologies, has received relatively less attention in this context. For this
reason, and to define a clear and coherent research area for my PhD, I fo-
cused on analyzing the challenges of sustainability in the biomedical sector.
Al systems are increasingly integrated into clinical workflows and diagnostic
pipelines, where ensuring high performance while reducing excessive energy
consumption is both a technical and ethical imperative.

One of the first significant critical issues was the limited accessibility of
clinical data, mainly due to regulatory constraints on privacy and the need to
keep such data within the hospitals that manage them. This issue impedes
the sharing and distribution of datasets, limiting the possibilities of large-
scale training of artificial intelligence models. In this sense, the European
Commission’s decision to promote the establishment of the European Health
Data Space (EHDS)! was important. The EHDS represents an integrated
and regulated ecosystem for health data management, consisting of shared
norms, technical standards, digital infrastructures and a common governance
framework. The main objective is to give citizens back control over their
electronic health data, while ensuring secure and regulated access by healthcare
professionals and researchers. In particular, the EHDS aims to create a single
European market for electronic health record (EHR) systems (see Figure 1.3),
advanced medical technologies and high-risk artificial intelligence solutions. In
addition, it aims to provide the scientific community with a reliable regulatory
environment that facilitates the secondary use of data for research purposes
through a transparent and supervised process [19, 20].

The problem of annotated data scarcity is accentuated in complex tasks like
segmentation. To address this issue, in addition to traditional data augmen-
tation techniques, the industry community is beginning to use generative Al
approaches to increase data availability and facilitate the training of classifi-
cation and segmentation models through the use of synthetic data that can
replicate real data’s information and characteristics. In reality, unlike classifi-
cation, which associates one or more labels with the entire image, segmentation

requires pixel-wise annotation, i.e. the creation of high-precision ground truth

Lurlhttps: //www.european-health-data-space.com/
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Figure 1.3: EHDS structure and proposed improvements to the healthcare
system. https://www.european-health-data-space.com

masks. This process is significantly more costly in terms of time, human re-
sources, and expertise, making it extremely challenging to create large and
well-balanced datasets.

The 2.1 section discusses the task of segmentation, providing a general
overview of the meaning of the term and the different application declinations
in which it can manifest itself. The main challenges associated with each type
of segmentation are also discussed, highlighting the practical and methodolog-
ical implications of the availability (or lack thereof) of detailed annotations.

New methods have emerged to address these limitations, of which the few-
shot is undoubtedly one of the most promising. In fact, it is particularly
suitable in situations of data scarcity because it allows one to adapt quickly
and with few samples to the task at hand.

In fact, during the research period abroad at Keele University, it was decided
to further study these methods on the segmentation task. The choice fully
adheres to the planned line of research and focuses on the construction of
models capable of generalisation using the meta-learning paradigm of learning
from experience.

In addition to overcoming the issue of data scarcity, these techniques have
the benefit of considerably lowering computational costs during the training
phase. Unlike few-shot language models, which generalise by using prompts
other than those in the training set, segmentation scenarios require the adap-
tation of model weights or the use of specific architectures such as Matching
Networks. The latter use a prototypical representation of classes: each class
is described by a vector (prototype) created by averaging the embeddings of

the examples in that class. During the learning phase, the network processes



a small set of annotated images (the support set) to build the relevant repre-
sentations and prototypes. When a new image (query) is provided, the model
estimates its embedding and compares it to the prototypes using a distance
metric, assigning the class to the closest prototype. This non-parametric clas-
sification makes no assumptions about predefined classes and instead relies
on the model’s capacity to generalize dynamically based on the support set
provided. The training follows a meta-learning protocol, consisting of a meta-
training phase and a meta-testing phase. This framework makes it possible
to assess the model’s adaptability to new tasks, while guaranteeing accurate
performance. It is evident how a few-shot learning solution can significantly
broaden the applications of Al in the medical field, overcoming data scarcity
limitations and promoting a more sustainable and adaptive artificial intelli-
gence paradigm. A detailed discussion of the few-shot learning approach and

its implementation in the presented study will be provided in Chapter 8.

1.1 Motivation and goals

Motivated by the intention to search for an approach aimed at optimising neu-
ral networks, one phase of my research activity was based on the definition
of innovative methodologies aimed at increasing the robustness and computa-
tional efficiency of models. Indeed, one of the main emerging problems in the
use of Al algorithms is related to the excessive consumption of computational
resources. The advent of LLMs has favoured their expansion and uncontrolled
use. In fact, a common trend emerges from the state of the art, based on the
use of models with more and more parameters and a consequent increase in
the computational resources required; this trend in previous years led to an
improving performance that has reached a plateau in recent years. In this
regard, the first research question addressed within this thesis is related to a
changing approach to tasks in contrast to the general trend.

To answer this question, the first phase of the activity focused on an optimi-
sation strategy based on parametric efficiency, aimed at improving the training
process by selectively removing layers that had no longer contributed to learn-
ing. This approach proposes to preserve the final performance of the model
without compromising its accuracy, while achieving a significant acceleration
of the training phase compared to traditional training methodologies. These
results are described in detail in Chapter 4 and were published in a first quar-

tile journal and directed research towards the construction of a low-parameter



network capable of performing correctly. In fact, in Chapter 5, the problem of
segmentation in the absence of annotations is explicitly addressed, proposing
the development of a network capable of automatically generating segmenta-
tion masks from the information apprehended throughout a classification task.

The idea behind this approach is to exploit the model’s ability to identify
and locate discriminative patterns in images, even in the absence of explicit su-
pervision in the form of masks. More specifically, the method described in this
chapter is based on the development of an extremely lightweight architecture,
designed to operate efficiently even in environments with limited computa-
tional resources. This Deep Neural Network (DNN) showed very competitive
performance in supervised classification and segmentation tasks, confirming
the validity of the proposed architectural design. However, the more complex
agnostic segmentation tasks, i.e. in scenarios without mask annotations, did
not perform as well as expected. The absence of masks compromises the ac-
curacy of the segmentation, highlighting the need for further methodological
refinements to make the model capable of generalising effectively even in com-
pletely unsupervised contexts. These two difficulties are fairly universal, and
they were solved with general benchmark datasets. In the second phase of my
work, the knowledge gained was applied to the medical area.

The study of images in the medical field highlighted the problem of lack of
and difficult access to data due to privacy issues, hence the second research
question: is it possible to integrate Al directly into the DICOM standard in
order to avoid moving data from their storage locations?

From this perspective, the section 6.1 describes the process of storing and
managing clinical data within hospital institutions, highlighting the implica-
tions of the DICOM standard. The analysis of this issue led to the develop-
ment of an innovative methodology, described in Chapter 6, which allows the
training of models directly into the clients of the hospital network, guarantee-
ing compliance with security regulations and the standard. This contribution
resulted in a publication in a first quartile journal.

Considering that the development of an IOD that integrates Al within
Server PACS is an inefficient measure to completely overcome the problem
of the shortage of labelled data, the research activity addressed a new research
question, based on identifying alternative methodologies to compensate for
these deficits.

In order to overcome this critical issue, during my research period at the

hosting company, I worked on developing a generative approach for the creation



of synthetic images, with particular reference to the conversion from the MRI to
the CT domain. In Chapter 7, a comparative study between different models is
presented, with a detailed analysis of their performance in terms of the quality
of the synthetic images obtained.

Finally, consistent with the work done at the company, during the period
abroad the problem of image shortage was addressed by changing the point
of view. In fact, while the generation of synthetic images can increase the
sample population, finding a new paradigm to solve the problem directly during
training can be an alternative solution. The few-shot, as described above,
structures learning by recreating real situations, with few samples for a new
class provided the model must be able to extrapolate the information to create

segmentation masks. This will be described in detail in the Chapter 8.

1.2 Dissertation outline

The remainder of the dissertation is organized as follows.

In Chapter 2 and Chapter 3, the state-of-the-art in the tasks mentioned
in the preceding sections is analyzed. A description of the datasets used in the
experimental portions of this thesis is also provided.

In Chapter 4, provided a strategy that has been to optimizing neural
network training. This approach employs metrics that analyze the gradient
to remove layers that are no longer helpful to the training, resulting in fewer
parameters and less time and resources consumption.

In Chapter 5, a lightweight convolutional DNN for classification and seg-
mentation is described, based on the same principle of optimization and pa-
rameter reduction. As an additional task, classification performance has been
utilized to generate ROI proposals.

IODeep is discussed in Chapter 6 to solve the difficulties and complexities
of dealing with clinical data, such as privacy limits and sensitive data handling.
The latter is a DICOM-compliant module that enables neural models to be
incorporated directly into hospital environments, removing the need to transfer
data from its storage location.

In Chapter 7 the subject of image generation is addressed, using generative
networks for the creation of new synthetic samples, which retain the charac-
teristics of the originals. In our use case, it allowed us to generate CTs, having
only MRIs available.

To address the problem of training in the presence of few samples, the prob-



lem of few-shot segmentation is addressed in Chapter 8, where a proposed
experimental approach is also illustrated.
In the Figure 1.4, the topics addressed and the flow followed in the course

of this thesis work are presented graphically.
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Figure 1.4: Summary of topics covered in the thesis



Chapter 2

State of the art

In this chapter, the state of the art of approaches in line with the research
topics addressed in this thesis are described. First of all, an introduction will
be made to segmentation, its applications and the solutions adopted to solve
this task; subsequently, a description of approaches using networks with a few
parameters is given, moving on to generative models and few-shot learning

approaches.

2.1 Image Segmentation

The task of subdividing an image into meaningful parts is known as image
segmentation, a computer vision approach that tries to separate an image into
discrete objects or regions for simpler comprehension and analysis. Segmenta-
tion has applications in many fields, such as medicine, where it helps physicians
diagnose illnesses by analyzing radiological images; autonomous driving, where
it enables cars to differentiate between roads, pedestrians, and obstacles; and,
more importantly, object recognition in challenging situations, which enhances
environmental awareness for security and surveillance applications.

The problem is that given an image I of dimension H x W x C, the objective
is to assign each pixel (7,j) a label s;; to indicate its belonging to a specific
class. Formally, the creation of a segmentation mask S of dimension H x W

can be stated as:

with s;; € {1,2,..., K} and K is the number of classes.
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2.1.1 Segmentation techniques

Image segmentation is distinguished into different types, each characterised by
specific operational features and areas of application. A distinction is made
between these types according to the objectives pursued and the degree of
precision required, which can vary from a simple subdivision by regions to a
detailed classification at the level of individual pixels.

Semantic segmentation is the most popular type, wherein each pixel is as-
signed a label that corresponds to a broader category, like "street," "tree," or
"person." However, this mode does not distinguish between distinct objects
belonging to the same class: for example, two neighbouring persons are con-
sidered as one area. Such methods and uses have been thoroughly examined
by Csurka et al. |21] and investigated in a number of real-world settings by
Mazhar et al. [22|, referring to industries such remote sensing, healthcare, and
automobiles.

In order overcome around this restriction, they use segmentation by instance,
which distinguishes each individual object furthermore to distinguishing the
class, making it possible to identify and separate elements from the same cate-
gory. Hafiz and Bhat [23] give a thorough rundown of the key architectures and
technical challenges associated with this method, which has become relevant
in situations like robotics and urban tracking. Last but not least is panop-
tic segmentation Zhang et al.[24], which combines the benefits of both of the
previous two and gives each pixel both instance identity and semantic class
information. This makes it possible to depict the scene in great detail, which
is especially helpful in complicated settings like cities or manufacturing. The
concept was formalised by Kirillov et al. [25], while more recent architectural
solutions, such as UPSNet [26], demonstrate how semantic and per-instance
segmentation can be effectively integrated in a single deep network.

An example of how the three different segmentations identify image infor-

mation is shown in Figure 2.1

2.1.2 State of the Art

The concept of segmentation originated with the development of digital im-
age processing and initially relied on "classical" methods. These approaches

included:

e Thresholding Techniques, such as Otsu’s Method [27], are utilized to

distinguish the foreground from the background through image analysis.



(b) Semantic segmentation

¥
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(c) Instance segmentation (d) Panoptic segmentation

Figure 2.1: Visual comparison of b) semantic, ¢) instance, and d) panoptic
segmentation applied to the same image [3].



Contour detection algorithms, such as Canny and Sobel operators [28],

[29], identify the edges of objects based on intensity gradients.

e Methods based on pixel similarity, such as Region-Growing and
Watershed [30], [31], that segment an image by identifying groups of

pixels with similar characteristics.

e Non-supervised clustering techniques, such as K-Means and Gaus-
sian Mixture Model (GMM), divide images into clusters based on pixel

statistics.

These approaches produced adequate outcomes, but their effectiveness was
significantly reliant on image preprocessing quality and manual parameter se-
lection, making them very dependent and limited in their usability. With
the introduction of Deep Learning (DL), segmentation witnessed a dramatic
transformation. Convolutional neural network (CNN) models enabled the au-
tomatic learning of pertinent features, overcoming the limits of previous ap-
proaches. The initial attempt was the Fully Convolutional Network (FCN)
[32], which aimed to change networks created for classification by replacing
final Multi Layer Perceptron (MLP) with convolutional layers. Upsampling
operations restore the image to its original size, which allows pixel-by-pixel
classification.

After the introduction of U-Net [33], a major step forward was taken in
semantic segmentation, particularly in the medical field. Its architecture is
derived from the AutoEncoder structure, but introduces a distinctive feature:
skip-connections between symmetrical encoder and decoder layers. These con-
nections allow the direct transfer of spatial features learnt during the encoding
phase, preserving details that are essential for precise localisation and helping
to avoid the disappearance of the gradient in the deepest phases of training.
Due to its effectiveness and simplicity, U-Net has become a standard for several
subsequent variants, such as U-Net++ [34], which further refines the connec-
tions between encoders and decoders through dense paths and variable depth,
and V-Net [35], which extends the concept to 3D volumetric images. In par-
allel, in the field of instance-based segmentation, an important contribution
has been made by Mask R-CNN [36], an extension of the Faster R-CNN [37]
framework that adds a third branch to the network, dedicated to the predic-
tion of binary masks for each detected object. This made it possible to effec-
tively combine object recognition with pixel-wise segmentation, maintaining

high performance even in the presence of overlapping objects. In more recent



years, the focus has shifted to transformers, originally designed for natural lan-
guage processing. The Vision Transformer (ViT) [38] model also represented a
paradigm shift in computer vision, replacing convolutions with a global atten-
tion mechanism on non-overlapping patches of the image. Although powerful,
ViT requires large amounts of data to be effective, due to the lack of spatial
inductive biases specific to CNNs. To address this limitation, Swin Trans-
former [39] was introduced, combining the efficiency of the transformer model
with the locality of convolutions. By using shifted windows to compute at-
tention in local regions, Swin preserves the hierarchical structure of features,
making it more suitable for segmentation and classification tasks. Finally, Seg-
Former [40] proposed a fully transformer-based segmentation architecture, but
with a lightweight and modular design. The transformer backbone extracts
multi-scale features efficiently, while the decoder is designed to be simple yet
effective, producing high-resolution segmentation maps. SegFormer performed
excellently on several segmentation benchmarks, demonstrating that trans-
formers can not only match, but in some cases exceed, CNNs even in dense

tasks such as semantic segmentation.

2.2 Few parameter network

In recent years, research by the scientific community has been moving to-
wards networks with a low number of parameters and reduced computational
cost to make deep learning accessible even on edge and mobile devices, where
resources such as memory, computing power and energy are limited. This
approach allows for real-time inferencing, improves data privacy (by avoiding
the use of the cloud) and reduces distribution costs. Furthermore, lightweight
models favour greater energy sustainability, which is particularly relevant in
large-scale scenarios. Efficiency is no longer an option, but a true necessity.
In this context, lightweight architectures such as the MobileNet family are a
benchmark. The first version, MobileNetV1 [41], introduced separable depth-
wise convolutions as a structural strategy to drastically reduce (up to 90%) the
number of parameters, compared to traditional models such as VGG16. This
innovation has shown that it is possible to significantly compress a network
without excessively compromising its performance.

Afterwards, MobileNetV2 improved the concept by introducing the inverted
residual block with bottleneck linear, obtaining an improvement in perfor-

mance (about +1% on ImageNet) while keeping the computational complex-



ity invariant [42]. The evolution was consolidated with MobileNetV3, which
integrated Neural Architecture Search (NAS) techniques and manual optimi-
sations, inserting modules such as Squeeze-and-Excitation and more efficient
activation functions such as hard-swish [43]. The ‘Large’ and ‘Small’ versions
of MobileNetV3 have shown significant improvements in accuracy (+3.2% and
+4.6% respectively) compared to the previous generation, while reducing in-
ference latency on mobile CPUs.

At the same time, networks have been specifically designed to maximise
efficiency on specific hardware through platform-aware NAS. This is the case
of MnasNet, designed taking into account the computing characteristics of
smartphones, which has achieved competitive results with just 4-5 million
parameters [44]. Similar approaches have been adopted by FBNet [45] and
ProxylessNAS [46], both aimed at customising the architecture according to
the performance of the target device. A more recent strategy is the once-for-all
model, which allows the generation of specialised lightweight variants for each
execution environment starting from a generalist starting network.

In parallel with the development of lightweight architectures for smart-
phones, EfficientNet proposed a new paradigm of balanced architectural scal-
ing, compound scaling, which allows the depth, width and resolution of the
network to be increased smoothly [47]. This family of models, also originated
via NAS, has shown that excellent results can be obtained even with the most
compact versions (EfficientNet-B0), while the B7 version has achieved peak
performance with a significantly smaller size compared to previous state-of-
the-art architectures.

Following the trend towards parameter reduction, GhostNet explored the
cost-effective generation of feature maps through linear operations, maintain-
ing accuracy and reducing computational costs (Han2020GhostNet). With
the same latency, GhostNet achieved slightly better performance than Mo-
bileNetV3. This direction was further taken to the extreme by MicroNet,
which introduced factored micro-convolutions and innovative activation func-
tions, achieving good results (up to 61% top-1 on ImageNet) with a minimal
computational budget (only 12 MFLOPs), demonstrating the effectiveness of
ultra-compact CNNs in less complex tasks [48].

Another emerging research line is the integration of attention mechanisms
and Transformers in compact architectures. The MobileViT model is a prime
example, merging the convolutional blocks of MobileNet with the global at-

tention of Vision Transformers. The result is a model that, while maintaining



a small size ( 6M parameters), outperforms MobileNetV3 and compact Trans-
former models [49], highlighting how the combination of technologies can ex-
tend the capabilities of lightweight models.

Finally, the use of advanced architectural techniques, such as depthwise sep-
arable convolutions, SE blocks, inverted bottlenecks and balanced scaling, has
shown that parametric efficiency is a viable way to obtain high-performance
networks, especially in areas where computational resources are limited. The
continuous evolution of models such as MobileNet, EfficientNet, GhostNet and
MobileViT confirms that research is increasingly moving towards optimised,
versatile and scalable architectures, capable of extending artificial vision to
embedded and real-time contexts, without significantly compromising recog-

nition quality.

2.3 Generative Models

Medical imaging represents a fundamental aspect of modern diagnostics, of-
fering detailed, noninvasive visualization of human anatomy and physiology.
Among the most widely used techniques, magnetic resonance imaging (MRI)
and computed tomography (CT) are distinguished by their ability to generate
high-resolution representations of tissue structures, playing a crucial role in
therapeutic planning and disease follow-up. MRI, based on the principles of
nuclear magnetic resonance, allows the acquisition of multiplanar images with
optimal contrast between soft tissues, while CT, based on the use of X-rays,
allows rapid and precise three-dimensional reconstructions, which are particu-
larly valuable in urgent clinical settings.

Technological advances in this area have greatly expanded the applications
of these methods, fostering integration with artificial intelligence algorithms
[50] and computational analysis techniques, resulting in increased diagnostic
accuracy. In particular, recent developments in the area of deep learning have
enabled new capabilities, such as the prediction of diagnostic information from
heterogeneous examinations [51|, paving the way for significant advantages in
the estimation of radiant dose during therapeutic planning and optimization
of treatment placement by avoiding overexposure of healthy tissues.

Such MRI-based CT-equivalent images are often referred to as pseudo-CT or
synthetic CT (sCT), an example of which can be seen in Figure 2.3 [52, 53, 54].
In Figure 2.2, on the other hand, summarises the training, validation and

testing steps of a generic deep learning algorithm.
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Figure 2.2: A schematic representation illustrating a typical procedure for
training for a generative algorithm. [4]

The 2020 publication by Wong et al. [55] provides a practical application of
the MRI-derived sCT concept in the context of intensity-modulated radiother-
apy (IMRT) for lymphoma treatments, representing a promising alternative
approach. CT scans are usually used for total bone marrow and lymphoid
irradiation, however, this process can take a long time for target delineation
and treatment planning; MRI scans are generally easier and faster to segment
than CT scans thanks to the possibility of highlighting body parts such as soft
tissues with greater contrast. The generation of accurate sCT from MRI im-
ages is also fundamental for PET attenuation correction in hybrid PET/MRI

systems [56] [57] of which a functional diagram is shown in 2.4.
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Figure 2.3: The source MRI image, the derived sCT and the original CT.
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Many different methods for the automatic generation of sCT from MRI
images have been proposed in the scientific literature. They can be divided

into three main categories:

e Approaches based on tissue segmentation that consist of segment-
ing or classifying the voxels of the MRI images into different classes of
tissue, such as air, fat, soft tissue and bone, and then refining them
manually. Mass density assignment is then used to obtain a different CT
scan number for each tissue type. Tissue segmentation is not a simple
problem and an MRI image volume is usually insufficient to separate all
the main tissue types. Furthermore, conventional MRI sequences are not
able to accurately differentiate bone tissue from air [58]. Consequently,
most tissue segmentation methods require the use of multiple MRI se-
quences, especially those specialised in ultrafast echo time (UTE), which

involves longer image acquisition times and a more complicated workflow
[54] [59].

e Atlas-based approaches that apply the image registration technique
to align a target MRI image with one belonging to the medical atlas; an
atlas [60] is a collection of medical images of many subjects belonging to
a heterogeneous class, both healthy and affected by pathologies, which
form a database containing anatomical information useful as a reference

for diagnosis, clinical applications and for finding correspondences be-



tween images of different individuals. The correspondence information
can be used to deform the image to the target MRI and generate an
sCT. These approaches are valued for their ability to produce reliable
estimates; however, they require accurate deformable registration of the
atlas and patient MRIs. This information can be difficult to obtain,
especially in the presence of wide anatomical variations or pathological
variations. To mitigate this negative effect, multiple atlases and hybrid
methods that combine atlas-based methods with prediction-based meth-
ods are used [54] [59].

¢ Learning-based approaches that use statistical learning or model fit-
ting techniques to construct a non-linear mapping function that attempts
to associate MRI voxel intensities with the corresponding CT ones. How-
ever, this approach requires additional information to that provided by
conventional MRI alone; in fact, it is often hard to clearly identify the
different areas within the volume. The supplementary information in-
cludes, for example, bone volume, and the use of multiple sequences

such as UTE to increase the discrimination between bone voxels and air.

To improve the accuracy of sCT prediction, models have also been de-
signed and used that analyse intensity variations within a restricted (lo-
cal) area of the MRI image and coordinate-related characteristics, such
as the position of a voxel in relation to a specific anatomical structure
[54] [59].

The latest category includes both machine learning and deep learning tech-
niques, whose progress in recent years has allowed diagnostic systems to plan
radiotherapy treatments based on MRI images alone.

The task of generating synthetic medical images became relevant between
2016 and 2017, due to the first approaches proposed by Nie et al. [61] and
Xiang et al. [62]. Both authors exploited state-of-the-art models based on FCN
and autoencoders, demonstrating the feasibility of such a complex task. The
escalation of increasingly complex architectures, such as U-Nets and GANs,
allowed for great strides forward in the domain. These had demonstrated
their improved capacity in feature extraction, allowing generative algorithms
to improve images also in terms of detail.

The pioneer in using U-Net for generation has been Han et al. [54] who
published a study on the generation of sCT using a U-Net, similar to the

model proposed by Ronneberger [63| for image segmentation but without the



three fully connected layers. This variation led to a 90% reduction in the
number of parameters. In Figure 2.5, the model proposed in Wang et al. [6]
is shown, where we can see the use of batch normalization and LeakyReLu as

the activation function.
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Figure 2.5: Architecture proposed by Wang et al. [6].

In Jang et al. [64] a classic encoder-decoder structure has been used, i.e.
without skip connections.

In the Dong et al. paper [57], it could be observed that skip connections
in U-Nets could carry irrelevant noise from the input image. To try to solve
the problem, they developed a self-attention strategy that, starting from the
encoder’s feature maps, is able to identify only the most relevant ones, reducing
the noise propagated in the decoder.

The special feature of this work is the inclusion of a fully connected con-
ditional random layer [65]; this probability-based statistical model also takes
neighbouring voxels into account when predicting labels, improving overall
performance.

As can be seen from the earliest approaches, the autoencoder model has been
the starting point for the development of various architectures, such as Deep
Embedding CNN (DECNN) or Embedded Net [66], Efficient CNN (eCNN)
models [67] and ResNet [68]. In fact, all these architectures can be classified
as variants of the U-Net: DECNNSs involve the insertion of multiple embedding
blocks to improve gradient propagation during training, resulting in faster con-
vergence and easier training of synthetic images, as demonstrated by the study

by Xiang et al [66]; in eCNN the standard convolutional layers are replaced



with specialised structures to extract features from the input images [67]; fi-
nally, ResNets are architectures composed of three convolutional layers (with
convolution, batch normalisation and ReLU activation function), followed by
nine residual blocks (with convolutional layers, batch normalisation and ReLLU
activation function) and fully connected layers.

The innovative approach suggested by Nie et al. [69] has transformed the
way synthetic images are created, allowing for results that are closer to reality
and with a reduced presence of artefacts. Two fundamental components, the
discriminator and the generator, were presented; they derive from game theory
and apply a Min-Max approach. In fact, this technique aims to maximise the
objective function, minimising that of the ‘opponent’ (adversarial). These
models are called Generative Adversarial Networks (GAN) after this contest.

The objective function is shown in equation 2.2:

Lean = Eq pa) [log D(x)] + Ez p(2)[log(1 — D(G(2)))] (2.2)

In equation 2.2, G and D refer to the Generator and the Discriminator,
respectively; x is the real sample extracted from the distribution of real data
and z is the random noise used by the generator to create fake data. The
discriminator D will try to understand if the samples it is receiving are part
of the real distribution or the generated one, while G aims to create synthetic
samples with a distribution similar to the original one.

The breakthrough introduced by GANs has been very successful and for
this reason, several variants of them have been proposed over the years for the
synthesis of medical images, including Conditional GANs (cGANs) [70]. Un-
like traditional architectures, cGANs incorporate a constraint in the objective
function (e.g. labelled data or an image) to improve model control by gen-
erating more realistic images that are consistent with the conditioning input.
For example, to generate sCT images, labelled MRI data can be used as a

constraint. The objective function will then be represented by the formula:

LeGan = E.y [log D(z,y)] + Ez, z[log(1 — D(z,G(x, 2)))] (2.3)

A further variant is CycleGAN, introduced by Zhu et al. in 2017 [71].
They use two pairs of generator and discriminator for image synthesis between
different domains (A and B) without the need for paired images. The two gen-
erators are G 4, which translates images from domain B to domain A, and Gp,

which translates images from domain A to domain B. The objective function is



composed of that of the classic CGANs Lgan (Ga D4) and LGAN (Gg Dp),
in addition to an additional cyclic consistency loss (L.yce) that calculates the
pixel-wise or L; loss between real and cyclically generated data. The objective

function shown is in 2.4.

Leye (G, D) = E apa) [[ID(G(A) = Al J+EB p(B)[||G(D(B))-BI[1] (2.4)

In recent years, new transformer-based approaches have been implemented
for the image generation task. Zhao et al. [72], in their paper published in
2023, used a deeper transformer-based feature extractor as the bottleneck layer
of an encoder-decoder generative network. Specifically, this block consists of
multiple transformer layers and a convolution layer to which a residual con-
catenation has been introduced before calculating the self-attention, further
improving the network’s stability. In the ResViT conditional network, pro-
posed by Dalmaz et al. in 2022 [73], the generator bottleneck is modelled
using a series of aggregated residual transformers (ART) consisting of a com-
bination of residual convolution layers and transformer layers. To reduce the
memory requirements generated due the use of multiple ART blocks, a method
of parameter-sharing has been adopted in the bottleneck, which optimises the
computational efficiency of the model during the training process.

The results obtained from these hybrid architectures have led to a grow-
ing trend in development towards combining CNNs and Transformers with
the purpose of exploiting the potential of both types of layer: the former to
extract local details and the latter to provide a global understanding of the
image structure. As an example, Zeng et al. [74] have proposed an innovative
method to effectively combine CNN and transformer by replacing the linear
embedding and the linear projection layers in the transformer with convolu-
tional embedding and projection.

Another type of generative model widely used in the medical domain is the
Denoising Diffusion Probabilistic Model (DDPM). They have been introduced
for the first time by Ho et al. in 2020 [75] and as shown in Figure 2.6 they
are a parameterised Markov chain that is trained to map the pixels from noise
through a gradual process over a finite number of time steps T.

Markov chains are models that describe a sequence of events in which the
probability of transition from one state to another depends only on the current
state and not on the sequence of previous events. The parameterisation, i.e.

the possibility that the parameters vary as time or other factors change, allows
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Figure 2.6: Illustration of a Markov chain modulating noise distribution in
DDR approaches.

the model to adapt and learn the distribution of data over time. The learning
process consists mainly of two phases, the forward and the inverse. In the
forward process, random Gaussian noise is added to the input image x; in a
series of time steps large enough to obtain a noisy image from an isotropic

Gaussian distribution (N). This is expressed by the equation:

q(act|xt_1) :N@:t; V1 — B T, ﬁtI) (2.5)

Where §; is the parameter that represents the variance of the noise added
at time step t. When multiplied by the identity matrix I, it indicates that the
added noise is isotropic, therefore equal in all directions. This process forms
a Markov chain through which the average distribution of the current step
is conditioned to the sample of the previous step following a noise variance

schedule as in the equation 2.6:

=1 — B ve1+ eBe; € N (0, I) (2.6)

where € is the added noise, N is the Gaussian distribution and I is the
identity covariance matrix. Thanks to the Markov property of this process,
the marginal distribution can be obtained directly with a given input sample
x.

The reverse diffusion process:

po(i-1]mt) (2.7)

begins with the pure noise distribution, random or unstructured data that does
not carry significant information. At each time step, the noise is gradually
removed from the sample, thus building a Markov chain from xr to xy as
shown in Figure 2.7.

With a smaller S the transition between x; and x;_; can be approximated
as a Gaussian distribution since both the forward and reverse processes have

the same functional form:
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Figure 2.7: SynDiff architecture combining a dual diffusion and nondiffusion
approach. [7]
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Each inverse phase of the diffusion models is mapped through a neural net-
work pp, which is trained by optimising the lower variational bound (LVB) on
the simplified log-likelihood, a statistical measure that evaluates the effective-
ness with which the model represents the observed data. The LVB allows us to
approximate the log-likelihood of the real data with an objective function that
can be optimised during training. The network py estimates the added noise €
by minimising the loss between the actual noise and the network estimate eg

as follows:

Lerror = xt,wo,amg — &9 (%)Hg] (29)

At each inverse step t € 1, T, the mean distribution uf is derived using &gy
and the sample z;,_; as in the previous equation [57].
Although diffusion-based medical image synthesis has shown promising re-

sults, its effectiveness is limited due to the high computational load required



for image sampling, which is characteristic of likelihood-based models. Conse-
quently, most recent studies, such as that of Rombach et al. [76], have focused
on reducing the computational resources required for modelling.

The architectural innovations introduced focus on conditioning the inverse
process. In particular, two approaches can be distinguished: conditioning
by means of a classifier and conditioning without a classifier. The first |77
involves using a classifier to guide the image generation process, influencing
the distribution of noise during the inverse denoising phase. However, this
method has limitations due to its strong dependence on the performance of the
classifier, which may vary depending on the dataset or context. In the classifier-
free approach 78], the conditioning takes place in a supervised manner; the
conditioning information is incorporated directly into the inverse process.

Lyu and Wang [79] have developed a CT image synthesis model that is
conditioned to magnetic resonance images through a diffusion process guided
by an approximate log-likelihood score. They used pairs of co-registered im-
ages, i.e. CT and MRI images acquired in the same subject and registered
in the same coordinate space to allow the model to generate realistic images
consistent with the originals.

U-Nets have been widely used in diffusion models for supervised condi-
tioning, where the model learns to remove noise guided by examples of clean
images. However, there are also adversarial diffusion models, such as the ones
introduced by Ozbey et al. [80], in which the model learns to generate realistic
images without the use of labelled training examples.

Meng et al. [81] have expanded the concept of conditioning through a multi-
modal approach, allowing the network to synthesise images by simultaneously
considering all available imaging modalities to maximise the use of informa-
tion and improve the accuracy of the generated images. For example, when
generating an MRI image from a CT and a PET scan, the model considers all
three modalities to produce a coherent, high-quality MRI image.

Recently, Zhu et al. [82] extended diffusion models from 2D to 3D, enabling
more realistic synthesis of three-dimensional images with lower computational
requirements. Finally, Pan et al. [83] proposed a Transformer-based diffusion
model with Swin-ViT that outperforms previous diffusion models in terms
of both image quality and Fréchet Inception Distance (FID) scores, a metric
that quantifies how similar the generated images are to the real ones. This
innovative architecture significantly improves the efficiency and scalability of

the diffusion model, allowing it to manage high-resolution images with limited



computational resources.

2.4 Few Shot Segmentation

Few-shot semantic segmentation (FSS) aims to overcome the difficulty of ob-
taining large datasets with pixel-level annotations. The objective of FSS is
therefore to generalise to new categories with minimal annotation effort, par-
tially emulating the human ability to learn visual concepts from a few exam-
ples.

To address learning problems with few examples (few-shot learning), a com-
monly used strategy is episodic learning, a meta-learning approach that sim-
ulates, already during the training phase, typical conditions that the model
will encounter in testing. Instead of performing training conventionally on all
classes in the dataset, the model is exposed to a sequence of episodes. Each
episode is constructed by randomly picking a subset of classes (called the sup-
port set), from which a few annotated examples are extracted for each class.
Contextually, a query set is generated containing images belonging to the same
classes but not included in the support set. The model is then trained to cor-
rectly segment the images in the query set based solely on the information
provided by the examples in the support set. This episodic pattern allows
the model to learn to quickly generalize to new classes in the presence of
an extremely small number of annotations. This is particularly relevant in
the context of medical segmentation, where the availability of labeled data
is often limited and the cost of clinical supervision is high. Over the last
few years, research has produced a wide range of approaches, in particular
two main strands: approaches based on matching networks/metric learning
and approaches based on optimised meta-learning (e.g. Model-Agnostic Meta-
Learning and variants). Both paradigms aim to solve the problem with few

examples, but with different strategies:

e the former focus on similarity metrics in the feature space between sup-

port images and queries,

e the second try to learn how to quickly adapt the parameters of a seg-

menter to new data.

The metric-based approaches tackle few-shot segmentation by building
a model of similarity between the representations of the support image (with

its mask) and those of the query image. Basically, instead of updating the



weights of the architecture, they extract visual characteristics from the images
and directly compare the features to decide whether a query pixel belongs to
the given (support) class or otherwise. This paradigm descends from Matching
Networks, introduced in the context of few-shot classification [84] and from
Prototypical Networks [85], adapted to dense segmentation. In practice, a few-
shot segmentation model typically has a double branch: a feature encoder for
the support images (which also uses the support mask to extract an embedding
representative of the target class) and an encoder for the query image. A
matching module then compares the features of the two branches for each
position of the query.

For example, CANet [86] (Zhang et al. 2019) uses a Dense Comparison
module to compare the features extracted from support and query at multiple
levels, thus creating a similarity map. This map is iteratively processed to
refine its quality until the final prediction is obtained. Another approach,
which has proved to be one of the most popular in the community, is PANet
[87] which introduces a mechanism based on the alignment of bidirectional
prototypes. PANet calculates a prototype for the support class, which is used
to predict the query mask, and this is then used to generate a prototype
useful for predicting the support mask. This bidirectionality allows consistency
between the prototypes of both sets, increasing the segmentation capacity of
the architecture.

Clearly, PANet has been the founding architecture of today’s Prototype-
based approaches to FSS, as demonstrated by the variants that have been
published since it was first published. For example, Prototype Matching Nets
such as SG-One [88] simplified the architecture by guiding query segmentation
through a single prototype vector extracted from the support, to which masked
average pooling operations are applied to preserve spatial information.

An additional example is provided by ASGNet [89], which introduces multi-
ple prototypes to represent different components of the same class: instead of
a single average vector, the support is subdivided through a Superpixel-guided
Clustering approach into subclusters of features (e.g. parts of the object), that
allow the computing of a set of adaptive prototypes that will be associated with
the query features. This strategy is successful in cases where the classes have
great internal variability (e.g. different poses of an object).

Multi-prototypes have proven to be effective, so much so that in 2020 Gairola
et al. [90] presented SimPropNet. It simultaneously predicts support and

query masks using a shared decoder. This approach forces semantic alignment



between support and query features, improving similarity propagation. It also
introduces the Foreground-Background Attentive Fusion (FBAF) mechanism
that exploits similarities in both foreground and background regions between
support and query images.

Multiple-prototype approaches allow for more effective handling of different
classes that nevertheless remain relationally separate. To address this limita-
tion, PGNet proposes an approach based on Pyramid Graph Neural Networks
(PGNet) [91] that explicitly models the relationships between multiple sup-
port and query images, where nodes represent object prototypes and messages
in the graph transfer context and refine the match. This allows local seman-
tic information to be captured at various levels of granularity. Unlike previous
methods that use global features, PGNet searches for matches between specific
regions of the support and query images.

More recently, the use of Transformers has made it possible to implement
matching modules such as cross-attention: for example CyCTR. [92] (Zhang
et al.) uses a Cycle-Consistent Transformer that alternates attention be-
tween support and query features, matching relevant regions of the two images
and producing more accurate masks, especially for small or occluded objects.
Similarly, HSNet [93] (Min et al.) introduces the so-called Hypercorrelation
Squeeze, building a high-dimensional representation of all local support-query
correlations and using a network block to ‘compress’ these correlations into a
segmented mask. In general, metric matching approaches have the main ad-
vantage of not needing further fine-tuning on the new class: the model, trained
on episodes of different classes, performs a forward pass at test time to extract
prototypes or affinities and segments the query directly.

One of the most common problems encountered is lack of performance when
the support set is not well reflective of the sample set, which results in low
variability and leads to segmentation errors. Furthermore, the problem of
support set dilution has more recently been observed; in fact, increasing the
number of support examples (going from 1-shot to 5-shot) does not always re-
sult in a monotonic increase in performance; on the other hand, some methods
degrade due to redundant and conflicting information between the supports.
Some proposed solutions such as [94] use adaptive fusion techniques of sup-
port information to prevent the addition of new examples from ‘diluting’ the
discriminative characteristics, maintaining the benefit of more data without
incurring local overfitting.

Approaches based on optimised Meta-Learning are the second large



family of solutions specifically employs meta-learning concepts to the prob-
lem, attempting to learn a segmentation model that can be quickly adapted
to new classes with few gradient steps, or can produce the parameters for
new classes directly. These methods often share the use of episodic training
like the previous ones, but emphasise the internal optimiser or the conditional
generation of weights on the support data. A ground-breaking approach was
One-Shot Segmentation (OSLSM) [95] by Shaban et al. (2017), which intro-
duced a meta-model called Weight Generator: given the support image and its
mask, a network that adapts the weights of the final classifier of a segmenta-
tion network, to predict the masks of the new class. Several works have since
focused on the prediction of conditional parameters: for example, the Adap-
tive Masked Proxies method [96] (AMP) method (Siam et al., ICCV 2019)
directly constructs the weights of the last segmentation layer from the few
examples, by using multi-resolution pooling on the features masked by the
support to obtain positive class proxies and merging them with the ‘signa-
tures’ of the previously seen classes. Interestingly, AMP does not require a
second dedicated branch to compute prototypes or parameters — unlike many
metric architectures — making it flexible for integration with other segmen-
tation networks (e.g. combining appearance and motion streams for video).
Model-agnostic meta-learning (MAML) is another category of meta-learning
that consists of rapid optimisation. In this scheme, the model is trained to
obtain a set of initial parameters, which with a fine-tuning on the k samples
of a new class lead to good performance. Applying MAML directly to seg-
mentation is computationally expensive (given the high dimensionality of the
parameters), but variants have been proposed. For example, Hendryx et al.
[97] explore ‘Meta-Learning Initialisations for Image Segmentation’: they pro-
pose using meta-learning to find an optimal initialisation for a segmentation
model, so that it is able to adapt quickly to new tasks with little data. The
results show that the application of this approach achieves better performance
than when a randomly initialised or pre-trained model is used. Russwurm et
al. [98] apply MAML in Meta-Learning for Few-Shot Land Cover Classification
of unseen geographical regions, where the approach proves effective when there
is a shift between the source and target domain distributions. Nevertheless,
in ideal scenarios (identical distributions), traditional pre-training performs
better.

Zhu et al. [99] in their paper entitled Self-Supervised Tuning for Few-Shot

Segmentation report how a simple meta-learner can fail to produce discrimi-



native descriptors if the features extracted from the support are compressed
in the embedding space. They therefore propose a framework with a dou-
ble adaptation loop: a self-supervised inner loop in which the network (called
the base learner) solves a self-supervised task on the same support image (for
example, recomposition of a 3D puzzle of the features or an unlabelled self-
segmentation). This branch allows stronger latent features to be extracted,
while a meta-learning outer loop episodically updates the network parameters
so that auto-supervised features improve few-shot segmentation; this structure
emphasises self-learning and enhances traditional meta-learning in segmenta-
tion.

While metric-based methods avoid fine-tuning on the support, some meta-
learning approaches combine matching with small gradient steps. For example,
‘RePRI: Few-Shot Segmentation via Rich Prototype Refinement and Interpola-
tion’ [100] presents an algorithm without explicit fine-tuning which iteratively
updates the query mask prediction using its own previous refined estimation
(self-refinement) as a guide. In practice, RePRI uses the mask predicted in
the previous iteration as an additional signal for the next step. This approach
is very similar to the process of optimising architectures, but acts on the fea-
tures of the predicted image rather than on the network weights. This strategy
allows to avoid the costly optimisation for each new class, achieving optimal
results comparable to state-of-the-art architectures.

At the same time, more complex tasks are being addressed, such as the
segmentation of multiple unseen classes simultaneously (instead of one class
at a time) and weak few-shot segmentation (where the supporting annotations
are partial or image-level instead of complete masks). For example, a recent
variant is incremental few-shot segmentation [101] [102], in which classes with
few examples are progressively added, pushing the model to enlarge its cohort
without forgetting the previous classes; this strategy combines meta-learning
and lifelong learning. Some works have introduced continuous meta-learning
modules, for example a meta-module whose parameterisations are shared be-
tween the incremental phases to transfer knowledge from old classes to new

ones

2.5 Metrics

This section presents the metrics used within this thesis work, highlighting

the choice guided by the nature of the task and the type of data processed.



The overview aims to provide knowledge to correctly interpret the results pre-
sented in the following chapters, as well as to understand the significance of
the comparisons made during the experimental validation phase.
In relation to the Classification task, to evaluate the ability to correctly
predict the classes for each data, different metrics were used, such as:
Accuracy (ACC), i.e. the ratio of correct predictions to the total number of

observations (eq. 2.10).

TP+TN

A —
Y = TP Y TN+ FP+ FN

(2.10)

and the ROC-AUC (eq. 2.11), a graphical tool that offers a visual represen-
tation of the ability of a classifier to distinguish between classes, showing the
relationship between sensitivity, or True Positive Rate (TPR), and the False
Positive Rate (FPR).

AUC = /1 TPR(FPR ! (x))dx (2.11)

In the absence of classical evaluation metrics such as those proposed and
used in the Grad-CAM paper [103] (e.g. Rank Correlation w/ occlusion) due
to the limited amount of information provided, it was essential to introduce
the coefficient C, which evaluates the degree of coverage of the predicted ROI
with respect to the ground-truth. Specifically, C is calculated according to the
equation 2.12, where T stands for the ground-truth and P for the features that

have been predicted.

TNnP
T
As can be seen in the Figure 2.8, when the value of P partially covers T', we

C = (2.12)

will have a value of C' < 1 (a); when P totally covers 7" we will have a value
of C =1 (b and c).

Furthermore, the semantic segmentation is evaluated using the Dice Score,
also known as Dice Similarity Coefficient. This measure compute the similarity
between two images, typically represented as binary arrays. The Dice score is

calculated as described in the equation 2.13.

21X NY]
| X[+ Y]

Where |X| and |Y| are the cardinalities of the two images.A value of 1

DSC = (2.13)

indicates perfect overlap, while 0 indicates no overlap



(b) (c)

Figure 2.8: Diffent cases where C' > 0.

For the generation the model were evaluated using metrics commonly used
in the literature. The metrics selected can be divided into two categories:
i) metrics for pixel value assessment (e.g. ME, MAE) ii) metrics for overall
assessment of the generated image (PSNR, SSIM). These metrics will be de-
scribed in detail in the following sections. The pixel-wise metrics used are: The
ME (Mean Error) is a measure of the average error between the original and
generated images. Depending on the sign (positive or negative), it indicates
an overestimation or underestimation with respect to the original image. It

was calculated using the formula:

N
1 N
ME = ;le (z; — &) (2.14)

where N is the number of pixels, x; is the value of the original pixel and z;
is the value of the generated pixel. The unit of measurement is the Hounsfield
unit (HU).

The Mean Absolute Error (MAE) is similar to the previous one but calcu-
lates the difference in absolute form:

1 X
MAE = N;m — & (2.15)

Mean Squared Error (MSE) measures the average of the squares of the

errors between the original images and the generated images, penalising the

larger errors more:
N
1 2
MSE = ; (z; — ;) (2.16)

The measure unit is the HU? unit.
Lastly, the Root Mean Squared Error (RMSE) is an absolute measure of the



discrepancy between the generated output and the reference. It is obtained
by squaring the differences between the corresponding values, an operation
that avoids the cancellation of deviations of opposite sign and emphasises the
larger errors. The RMSE is calculated as the square root of the Mean Squared
Error (MSE), and is therefore expressed in the same unit of measurement as
the original data, in this case Hounsfield units (HU).

The global evaluation metrics used are:

The Peak Signal-to-Noise Ratio (PSNR), is a measurement that quantifies
the ratio between the maximum possible value of the image pixel intensity and
the noise level, the latter represented by the RMSE. PSNR is expressed on a
logarithmic scale, with units of measurement in decibels (dB), and is partic-
ularly useful for evaluating the quality of image reconstruction or synthesis.
The higher the value, the greater the visual similarity between the two. It is

computed as follows

MAX
VMSE

where M AX; is the maximum possible value of a pixel in the image.

PSNR =20 logy, (2.17)

The SSIM (Structural Similarity Index) evaluates the similarity between
two images considering luminance, contrast and structure. The value, which
is dimensionless, varies between -1 and 1, where 1 indicates that the images

are identical. It can be calculated using the formula:

(2pgpy + c1)(204 + 2)

SSIM =
9= Gt + (ol 0f + @)

(2.18)

where (1, and i, represent the average of the samples of x and y, 0,? and o,
the variance, 0., the covariance between x and y. cl and 2 instead represent
two variables that have the function of stabilising the denominator so that it

is not too weak.



Chapter 3

Datasets

As discussed in section 1, the results obtained with new DL technologies have
consolidated its use in everyday life. Its extremely diverse applications require
specific data to address heterogeneous computational tasks. However, these
abilities are intrinsically linked to the quantity and quality of the training data,
as they represent the cognitive basis through which the model obtains its un-
derstanding. Therefore, the link between data and models is fundamental and
inseparable. The use of limited, unrepresentative or erroneous data can lead to
models with a poor generalisation capacity, ineffective in producing accurate
forecasts on data never observed or even to the learning of spurious correla-
tions due to artefacts in the data. In order to standardise the evaluation of
model performance, the scientific community has identified the need for shared
datasets, known as benchmarks, which define the reference standards for com-
paring different approaches. However, these datasets are typically generic and
not specific to a particular application domain, as they are designed to evaluate
models on well-defined tasks. Only after having validated their performance
on these benchmarks, are the models evaluated on domain datasets, which
determine their actual effectiveness in the target application context.

In the early stages of experimentation, particularly with the Learn&Drop
application, general-purpose datasets such as MNIST, Imagenette and CIFAR-
10 were used. The objective was to validate the effectiveness of the proposed
methodology in a controlled and established context, exploiting benchmarks
widely used in the community to highlight the general potential of the ap-
proach. Subsequently, the development of the Few-Parameter Architecture
(FPA) marked a gradual transition to the biomedical domain. In this transition
phase, datasets such as MedMNIST, UW-Madison GI Tract and Brain Tumor
were adopted, with the aim of testing the framework on real classification and

segmentation tasks in the clinical domain. These datasets represent hetero-
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geneous scenarios in terms of complexity and type of medical image, making
them suitable for evaluating the generalisation capabilities of the models. Re-
garding the integration of artificial intelligence in clinical workflows, explored
through the IODeep application, the models were integrated directly within
a Server PACS and tested in DICOM-compatible environments. Again, the
models used for segmentation were trained on UW-Madison and Brain Tumor,
in order to ensure methodological continuity with the previous phases. In the
context of generative applications, the CERMEP dataset was used, which is
particularly suitable for domain shift studies due to the availability of images
acquired with different modalities (CT and MRI) for each subject. This made
it possible to develop and test controlled generation models while maintaining
consistency between domains. Finally, the ISIC, DeepGlobe and Chest X-Ray
datasets were selected for the few-shot segmentation (FSS) task. These sets
are commonly used in the literature for comparative evaluation and allow di-
rect comparison of the performance of the proposed models with those of the
main state-of-the-art approaches.

In the following sections, the datasets used in this thesis will be discussed
and described.

3.1 MNIST

Certainly, the most famous and widely used toy-dataset is that of the MNIST (Modified
National Institute of Standards and Technology database) [104], formed by
hand-written numerical digits was invented by the U.S. Postal Service to iden-

tify home addresses automatically.
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Figure 3.1: Few samples from MNIST dataset

The images are gray scale, with the size of 28228, the whole data collection
consists of 60000 images for training and 10000 for testing. Being composed
of the digits 0 to 9, it is often used for multiclass classification. MNIST is the



evolution of NIST, receptively a new extended version was released EMNIST
[105] with more samples. Over time, this dataset has become so well estab-
lished that it is considered “hello world” for those new to machine learning. To
determine the functioning of one of the approaches to be proposed, which will
be described in Chapter 5, a modified version of MNIST was created. This
new version, starting from the original data, randomly groups 4 digits with the
only condition that at least two of them are the same; to further complicate
the structure of the information, 4 different geometric transformations will
be applied to the 4 digits (e.g. translation, rotation, shearing). An example
of the structure of the mod-MNIST specifically built to stress the network’s

localisation capacity is shown in Figure 3.2.
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Figure 3.2: Example of our mod-MNIST

3.2 CIFARI10

CIFARI10 (Canadian Institute For Advanced Research) [8] is a widely utilized
benchmark dataset for machine learning and computer vision tasks. Composed
of 60000 photos, with 50000 for training and 10,000 for testing. The samples
are in RGB format, 32 x 32, and divided into ten groups (airplanes, vehicles,
birds, cats, deer, dogs, frogs, horses, ships, and trucks), each with 6000 samples.
An example of the images present in CIFAR10 is shown in Figure 3.3.
Datasets of this type, which contain a wide range of information, are ex-
tremely valuable since they can highlight the models’ expressive capabilities.
The enlarged version of CIFARI10, called CIFAR100, includes 100 classes,

airplane

| automobile bird cat deer dog frog horse ship truck
A |’ 244 \ I \, 7
Age ) B
a -
' o) - " e

Figure 3.3: One sample for each class from CIFAR10 [§]



600 samples per class, and can be grouped into 20 macro-categories as can be

seen from table 3.1.

Superclass

‘ Classes

aquatic mammals
fish

flowers

food containers

fruit and vegetables
household electrical devices
household furniture

insects

large carnivores

large man-made outdoor things
large natural outdoor scenes
large omnivores and herbivores
medium-sized mammals
non-insect invertebrates

people
reptiles

small mammals

trees
vehicles 1
vehicles 2

beaver, dolphin, otter,seal, whale

aquarium fish, flatfish, ray, shark, trout

orchids, poppies, roses, sunflowers, tulips

bottles, bowls, cans, cups, plates

apples, mushrooms, oranges, pears, sweet peppers
clock, computer keyboard, lamp, telephone, television
bed, chair, couch, table, wardrobe

bee, beetle, butterfly, caterpillar, cockroach

bear, leopard, lion, tiger, wolf

bridge, castle, house, road, skyscraper

cloud, forest, mountain, plain, sea

camel, cattle, chimpanzee, elephant, kangaroo
fox, porcupine, possum, raccoon, skunk

crab, lobster, snail, spider, worm

baby, boy, girl, man, woman

crocodile, dinosaur, lizard, snake, turtle

hamster, mouse, rabbit, shrew, squirrel

maple, oak, palm, pine, willow

bicycle, bus, motorcycle, pickup truck, train
lawn-mower, rocket, streetcar, tank, tractor

Table 3.1: Macro classes and generic classes for CIFAR100 dataset.

3.3 ImageNET-1k

ImageNet is a huge dataset that is widely used in computer vision research, no-
tably for deep learning applications. Deng et al. [106] published it in 2009, and
it already consists of over 14 million annotated images from 20,000 categories
grouped according to the WordNet hierarchy. The dataset gained popular-
ity during the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
[107], which ran from 2010 to 2017 and contributed significantly to the de-
velopment of convolutional neural networks (CNNs). The most commonly
used subset of ImageNet is 1,000 item categories, which include around 1.2
million training shots, 50,000 validation images, and 100,000 test images. Im-
ageNet has been critical in the development of deep learning models, acting
as a baseline for assessing the performance of classification, detection, and
segmentation techniques. Many models used for transfer learning have been
intensively trained on ImageNet. There are various smaller versions of Im-

ageNet, such as Imagenette [108], which only includes a subset of 10 classes

from the original 1000. The classes are tench, English springer, cassette player,



chain saw, church, French horn, garbage truck, gas pump, golf ball, parachute.
Overall, the adopted dataset includes about 1,000 color images per class with
a resolution of 160 x 160 pixels. The images are obtained from the ones in the
original Imagenet dataset by performing a resizing that preserves the original

aspect ratio.

3.4 Pascal-VOC

The Pascal Visual Object Classes (VOC) 2012 dataset is a popular benchmark
in computer vision, it was designed for different tasks like object recognition,
segmentation, and classification. It was introduced as part of the Pascal VOC

challenges [109] and offers annotated photos of 20 different classes as shown in
table 3.2.

Macro-class ‘ Instances

Person person

Animal bird, cat, cow, dog, horse, sheep

Vehicle aeroplane, bicycle, boat, bus, car, motorbike, train
Indoor bottle, chair, dining table, potted plant, sofa, tv/monitor

Table 3.2: Classes and instances for Pascal-VOC dataset.

The dataset contains 11,530 photos with 27,450 region-based annotations,
making it an excellent resource for testing machine learning models in real-
world applications. The annotations contain object bounding boxes, pixel-wise
segmentation masks, and object class labels, which allow for the creation and
testing of various computer vision techniques. The Pascal VOC 2012 dataset
has contributed significantly to the advancement of deep learning-based object
recognition and continues to act as a core benchmark for current vision models.

Figure 3.4 provides an example of two images and a mask.

Figure 3.4: Examples of image-mask pairs that highlight the presence of het-
erogeneous classes within the dataset



3.5 MedMNIST

MedMNIST [110] is a dataset conceptually comparable to MNIST. It includes
standardized biological data in 2D and 3D images scaled to 28 x 28 (2D) and
28 x 28 x 28 (3D). The data supplied is wide-ranging, making it ideal for
assessing the efficiency and reliability of models built using data from multiple
sources but all belonging to the same domain. It is suitable for classification
tasks including binary /multi-class, multi-label, and ordinal regression.For this
reason, medMNIST includes various types of sub-datasets with a different
number of training, validation and test samples for each of the above tasks. A
summary of the data amounts and the task for each of them is shown in table
3.3.

MedMNIST2D ‘ Data Modality Tasks (Classes/Labels) ‘ Samples | Training ‘ Validation | Test
2D applications
PathMNIST Colon Pathology Multi-Class (9) 107,180 89,996 10,004 7,180
ChestMNIST Chest X-Ray Multi-Label (14) Binary-Class (2) | 112,120 78,468 11,219 22,433
DermaMNIST Dermatoscope Multi-Class (7) 10,015 7,007 1,003 2,005
OCTMNIST Retinal OCT Multi-Class (4) 109,309 97,477 10,832 1,000
PneumoniaMNIST Chest X-Ray Binary-Class (2) 5,856 4,708 524 624
RetinaMNIST Fundus Camera Ordinal Regression (5) 1,600 1,080 120 400
Breast MNIST Breast Ultrasound Binary-Class (2) 780 546 78 156
BloodMNIST Blood Cell Microscope Multi-Class (8) 17,092 11,959 1,712 3,421
TissueMNIST Kidney Cortex Microscope Multi-Class (8) 236,386 165,466 23,640 47,280
OrganAMNIST Abdominal CT Multi-Class (11) 58,830 34,561 6,491 17,778
OrganCMNIST Abdominal CT Multi-Class (11) 23,583 12,975 2,392 8,216
OrganSMNIST Abdominal CT Multi-Class (11) 25,211 13,932 2,452 8,827
3D applications
OrganMNIST3D Abdominal CT Multi-Class (11) 1,742 971 161 610
NoduleMNIST3D Chest CT Binary-Class (2) 1,633 1,158 165 310
AdrenalMNIST3D | Shape from Abdominal CT Binary-Class (2) 1,584 1,188 98 298
FractureMNIST3D Chest CT Multi-Class (3) 1,370 1,027 103 240
Vessel MNIST3D Shape from Brain MRA Binary-Class (2) 1,908 1,335 191 382
SynapseMNIST3D Electron Microscope Binary-Class (2) 1,759 1,230 177 352

Table 3.3: Schematic representation of all the medMNIST variants available
for 2D and 3D applications.

3.6 ISIC

The ISIC 2018 dataset is another well-known benchmark dataset for skin le-
sion analysis developed as part of the International Skin Imaging Collaboration
(ISIC) Challenge [111, 112].The collection includes dermoscopic images anno-
tated by experts for tasks such as lesion classification, segmentation, and fea-
ture recognition. This set contains 10,015 high-resolution pictures divided into
seven categories, including melanoma, nevus, and basal cell carcinoma. Each
image has pixel-wise segmentation masks and diagnostic annotations, making
it easier to develop and test deep learning models for automated skin cancer

diagnosis. The ISIC 2018 dataset has significantly benefited the progress of



deep learning applications in dermatology by providing a consistent benchmark
for assessing the efficacy of computer-aided diagnosis systems. The ISIC 2018
dataset is regarded as the most challenging because the model has to under-
stand specific features of each skin lesion, such as its border and pigmentation.

An example of the images contains in ISIC 2018 are reported in Figure 3.5.
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Figure 3.5: An image and segmentation mask from the ISIC18 dataset.

3.7 CERMEP-IDB-MRXFDG

The dataset CERMEP-IDB-MRXFDG 9] is a collection of FDG PET, T1
MRI, FLAIR MRI brain scans and CT images, acquired from 37 healthy sub-
jects, with mild cerebral deterioration or in more severe cases also suffering
from Alzheimer’s. In full respect of privacy policies and sensitive data, the
data has been anonymised. The 3D volumes are available in 3 formats: DI-
COM, co-registered NIFTI and NIFTT normalised in MNI space; in addition,
the patients’ clinical metadata such as age, gender, diagnosis and neuropsycho-
logical scores are provided. Co-registration ensures that the same anatomical
regions of the brain are co-located for each individual. In addition to classic
co-registration, the images are processed within the MNI space, through an
encoding in probability maps of the grey and white matter; in this way, each
voxel is assigned a certain probability of belonging to a specific type of brain
tissue. The volumes within the dataset were processed through a rigorous
pre-processing pipeline to obtain normalised and standardised data, without

background objects (e.g. bed, pillow), making them fully usable and ensuring

the highest quality, as can be seen from the slices in Figure 3.6.
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Figure 3.6: Slice t1-w, Flair, CT and PET obtained from the same patient. [9]



3.8 UW-Madison

The UW-Madison dataset (or UW-Madison GI Tract Image Segmentation
Dataset) [113] is a public collection of medical images designed for research
on image segmentation of the gastrointestinal (GI) tract. It was created by
the University of Wisconsin-Madison and released on platforms such as Kaggle
for medical segmentation competitions. It contains 38496 MRI images from
85 case study of the gastrointestinal tract and masks to segment the stom-
ach, large intestine and small intestine. The dataset is designed to tackle the
task in 2D or 3D. Compared to CERMEP, the quality and standardisation of
the images is not the optimal, which makes it a challenging dataset, due the
presence of artefacts caused by patient movement during acquisition; further-
more, the distribution of the classes is not homogeneous. It has been used as
a benchmark dataset for several segmentation studies [114, 115]. An example

of the images it contains is shown in the Figure 3.7.

Figure 3.7: An example from the UW-MADISON dataset that shows the MRI
image and the masks for stomach, large bowel and small bowel

3.9 Brain Tumor

The Kaggle Brain Tumor consisting of 3064 T1-weighted contrast-inhanced

images from 233 patients with three kind of brain tumor:
e meningioma (708 slices)
e glioma (1426 slices)

e pituitary tumor (930 slices)

This dataset is ideal for classication or segmentation and provides three

different brain views depending on the illness, as seen in Figure 3.8.



meningioma pituitary meningioma

Figure 3.8: Several examples from the MRI Brain Tumor dataset that highlight
the various diseases

3.10 Few-Shot Segmentation Dataset

The Few-Shot Segmentation Dataset [116], frequently referred to as FSS-100,
was specifically defined for the purpose of few-shot segmentation. Because it
comprises of 100 classes with just ten samples for each, it is structured in such
a way that it emphasizes the network’s generalization skills. The end result
is a collection of annotated photographs with a variety of subjects; in fact,
the classes vary from common things (e.g., ’dog’, ’car’) to unusual categories
(e.g.,’sunset on Mars’, ’electron microscope’), putting the generalization ca-
pacity to the test across diverse domains. It is separated into 760 training
courses and 240 validation classes; as needed by the few shot, the two sets of

classes in each set must be dissociated.

3.11 DeepGlobe

DeepGlobe [117] is a dataset designed for semantic segmentation of high-
resolution satellite images. It initially showed up at the CVPR Conference
as the DeepGlobe Challenge.

It includes pixel-by-pixel annotated masks for seven different classes. Specif-

ically, the classes are:
e built-up

e agriculture



rangeland /forest

barren land

water

cloud/cloud shadow

e ignore label

The train, val, and test datasets contain 1,146 satellite photos with a reso-
lution of 2448x2448 pixels.



Chapter 4

Learn&Drop

Although research is improving, the aim is still to seek ever-better performance
with the objective of equalling and surpassing human capabilities. In this envi-
ronment, when models are constantly pushed to the limit, the resources neces-
sary for the training and/or inference of these models, which require enormous
computing and energy resources, are often neglected or marginalised. The
underlying issue now seems to be a lack of resources required by the mod-
els, rather than a lack of performance per se. Research is moving away from
the development of increasingly complex and large models with almost pro-
hibitive computational costs, and is moving towards more efficient models that
reduce time, computational costs and energy without compromising the accu-
racy of the results. [118|. In this chapter, the first study will be conducted
to understand how classification performance depends on the number of pa-
rameters present in the neural architecture. In this context, a new technique
is developed to detect and remove network components that are no longer
required during training, resulting in increasing efficiency while maintaining
performance. The "Learn&Drop" method proposes to evaluate the gradient
magnitude of each layer to identify which of these have finished the learning
phase and can therefore be removed.

Typically, optimisation can be performed at different stages of the life of a

neural network and according to different approaches:

e methods for inference efficiency: this category includes methods
that compress the network during the training phase to use a more com-
pact model during inference [119, 120, 121, 122, 123|;

e methods for training efficiency: fall into this category methods that
improve the efficiency of model training only, for example by freezing

some layers during training but continuing to use the entire model during

29



the inference phase [124, 125, 126].

Intuitively, one would expect that focusing on the efficiency of the inference
step would be far more advantageous in the long term because a model is
trained once and then utilized many times. However, this is not always the
case because in some applications, such as tracking, the model must constantly
train itself to quickly respond to changes in the target over time. In addition,
recommendation systems and large language models must be retrained on a
regular basis, which can take several weeks. The presented work [10] aims to
increase the efficiency of CNN training by gradually compressing the model by
removing convolutional layers based on a criteria. The maps deleted during
each iteration are retained and used as new input to the remaining layers,
resulting in a reduction in training time.

In fact, training neural networks consists of two fundamental phases: for-
ward pass and backpropagation. In the first, the data is processed sequentially
through the various layers, in which a linear transformation is applied (using
weights) and a non-linear activation function is calculated at the output. The
second phase, described in the literature [127|, calculates gradient of the loss
function in relation to the network weights, allowing it to be updated through
optimisation methods.

A notable pattern observed during the training of convolutional neural net-
works (CNNs) is the tendency of earlier layers to converge before deeper ones.
This sequential convergence behaviour motivated the procedure of a progres-
sive pruning, in which layers that have already stabilised are removed incremen-
tally. To preserve the consistency of the learned representations, the feature
maps produced by the removed layers are cached and reused as fixed inputs
for the remaining architecture. This method offers two main advantages: (1)
a reduction in computational complexity during training, as the weights of
the pruned layers are no longer subject to updates; and (2) consistency in
the data representation, guaranteed by the reuse of the pre-computed feature

maps, rather than their re-processing at each step.

4.1 Dropping Layers for Training Efficiency

In this section “Learn&Drop" method is described in Algorithm 1 and its main

steps are:

e Compute the “Layer Importance metric" based on the gradient of the

layer’s weights;



e Apply the “Fast Learning" algorithm, the core of our method. The algo-
rithm consists of steps to: (1) select the layers to be dropped, (2) split
the network into a “tail", composed of the dropped layers, and a “head",
composed of the layers to still train, (3) compute and store output fea-
ture maps from the tail, (4) train the head by using output feature maps

from the tail.



Algorithm 1 Fast Learning by layer dropping

Require:
model, a model of L layers with randomly initialized parameters;
e1 > 0, number of warm-up epochs;
ez > 0, number of training epochs;
Lo, number of dense layers + 1;
Ensure:
Trained model;

1: Initialize models head and tail

2: Initialize Data with the training images

3: save features = False.

4: Train model for e; epochs on Data

5. L = model.layers.length()

6: head.layers = model layers[0 : L — 1]

7: tail layers = ||

8: features _maps = ||

9: Initialize P/ with [ in head

10: for £ =0 to ey do

11: if save features then

12: save_ features = False

13: features maps = tail(Data)

14: Train head on features maps

15: Update model weights based on head
16: store features maps to memory

17: else

18: if features_maps! =[] then

19: Initialize Data with features map
20: features _maps = ||
21: end if
22: Train head for 1 epoch on Data
23: Update model weights based on head
24: if L > Ly then
25: for V conv. layer [ in head do
26: update P/ (Eqs. 4.2& 4.3)
27: end for
28: Find n* (Eq. 1) for layer dropping
29: Estimate median values M, and M,
30: if n* >1AM,> M,; then
31: save _features = True
32: tail layers = head.layers[0 : n*]
33: head.layers.pop(0 : n*)
34: L = head layers.length()
35: end if
36: end if
37: end if
38: validate model on validation set

39: end for




4.2 Layer importance

The gradients of the loss function Vg become the foundation for our layer
removal strategy. In general, gradient values can be regarded as the rate at
which the weights change. On the other hand, the sign of the partial derivatives
reflects the inverse direction in which the weights must change to reach a
minimum. It is well understood in theory that the gradient, as a vector, has a
magnitude expressing the amplitude of the shift and a direction indicating the
direction of the shift. The gradient of the loss function can be thought of as
the pace at which the weights in the model change, with the sign representing
the shift required for each signular parameter to reach the minimum.

Given a neural network with layers L = {lo, 1y, ...,1}, the average absolute
partial derivative value gl(k) corresponding to the weights of the [-th layer is

calculated as:
N

w1 k
9" =522 la | (4.1)

i=1 j=1

where N is the number of weights in layer [, M is the number of iterations
in epoch k, and gl(fj) is the partial derivative of the loss function with respect
to the i-th weight in layer [ at the j-th iteration in epoch k.

Figure 4.1 shows two graphs representing the average absolute partial
derivative value gl(k) of each convolutional layer in the VGG11 and ResNet18
models. Interestingly, the beginning layers of both networks had larger av-
erage partial derivative values than the final part of the models. This graph
indicates that during training, the network does not train equally, but rather
the early layers change their weights faster and with higher gradient values to
adapt to the task at hand. The described behavior is much more noticeable in
the initial phases of training.

Thus, partial derivative values can help understanding if the weights of a
layer are still changing or not. However, using directly the average absolute
partial derivative values could be misleading since the weights may have small
magnitude but still change.

Hence, we decided to adopt the metric proposed in [124], and define for the
[-th layer the score:

LY g |

S T g |

with 0 < Pl(k) < 1, where Pl(k) measures the degree of changes of the weights

M =1 (4.2)

in layer [ at the k-th epoch. Pl(k) will be 1 if the partial derivatives cancel each
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Figure 4.1: The graphs represent the average absolute partial derivative
(AAPD) value of each convolutional layer in the VGG-11 (left) and ResNet-18
(right) on the MNIST dataset (AAPD on the y-axis, epochs on the x-axis).
Each curve represents a different layer (purple for layers close to the input,
red for those close to the output). Weights in the first layers undergo higher
changes than those in the layers closest to the output. AAPD help measuring
if a layer is still learning or not. [10]

other across the M iterations. In such a case, within the epoch the layer
weights do not change much and, intuitively, the layer has stopped to learn.
Pl(k) will tend to 0 if most of the partial derivatives are in the same direction
across iterations. In this case, layer weights are changing during the epoch.
Thus, the layer is learning something about the problem to solve. We note
here that the normalization factors make the scores comparable across the
layers despite the different magnitude of the weight’s partial derivatives. The
score Pl(k) indicates the relevance of the layer during training. Layers with
a score approaching 0 must be trained. Layers with a score close to 1 are
unlikely to learn much and should be deleted to speed up model training. In
contrast to [124], which utilizes this score to lock the layer and cease back-
propagation computation until the [-th convolutional layer, our technique uses
P, to drop the [-th convolutional layer. The feature maps generated by the

final abandoned layer serve as input for the remaining model.

4.3 Improving training efficiency

In this approach, the removal of layers from the model to improve training
efficiency must be done in sequential order. At the k-th epoch, the layers to
be removed are selected according to the importance score Pl(k).

This section describes the stages that constitute into the quick training

algorithm:

1. At the end of epoch k, the metric Pl(k) is calculated for each layer [. The



score values are then standardized:

pP—-P
P == (4.3)

Op

where P and o, represent the average score over the layers and the stan-
dard deviation respectively. For simplicity, we omitted the apex k refer-

ring to the epoch.

At each iteration, the weights in head are used to update the equivalents
in model, which remains in its initial configuration. The save features
flag specifies whether the tail model should be used to estimate feature
maps with the removed layers. Data initially holds images for model
training; after iterations and layer removal, they are replaced by the
associated feature maps. Each iteration, the relevance of layer P/ is
computed for each layer of model head, as described in equations 4.2

and 4.3.

The problem of selecting the subsequent layers to drop starting from the
first layer turns into the problem of finding the sub-vector of maximum
sum starting from the first element of an array. In our case, the array

represents the list of scores P/ with [ € L.

Let us assume that the current layers in the model are L = {l,,l,11,...,l1}.

Candidate layers to drop are [,...[,,~ with n* computed as:

n*:mtin{te[z,...,L—l]:

P, >0APF, <0} (44)

2. To determine the best moment to drop layers, the candidates [,...[,
and the median M, of their scores were initially calculated. This value is
compared to My, which is the median calculated by P} with I, € ly...l._1,
i.e., the drop values from the preceding iterations. If M, > My, the
removal operation will be executed. This prevents executing the action
too early, which can affect the network’s overall performance. After
identifying the layers to be removed sequentially, the model could be
divided into two parts: the "tail" (up to [,) and the "head" (from [«
to the output).

3. At the next epoch k + 1, the queue is used for feature map extraction,



which will be saved on a physical memory such as a disk. The latter will

be provided as input to the head to continue its training.

4. In epoch k + 2, the stored feature maps are retrieved from the memory

and used to train the head.

The proposed technique varies from that of [124]. The latter strategy does
not delete high-scoring layers from the network, but it does not train their
weights. However, during forward propagation, data from all levels, including
those with no updated weights, must be analyzed at each iteration. This con-
straint is overcome through a strategy that removes the layers in order, start-
ing from the first. The effectiveness of this strategy in drastically reducing the
computational cost of the training process has been empirically demonstrated.
Furthermore, in the suggested approach, the choice of which layer to cut is

(k)

completely automatic and depends on the score P, as discussed in detail

above.

4.4 Fast-Training Algorithm

Figure 4.2 depicts a comprehensive and compact representation of the proposed
algorithm. To change the weight distribution of the model, a few warming
e1 epochs are done. At this point, the weights of model are reproduced in
head, while tail is still empty. The model to be trained is head, and its
complementary tail stores the dropped layers required to compute the feature
maps that will be fed into head. At each iteration, the weights in head are used
to update the equivalents in model, which remains in its initial configuration.
The save features flag specifies whether the tail model should be used to
estimate feature maps with the removed layers. Data initially holds images
for model training; after iterations and layer removal, they are replaced by the
associated feature maps. Each iteration, the relevance of layer P/ is computed
for each layer of model head, as described in equations 4.2 and 4.3.

Then, n* is calculated based on Eq. 1. The layer is dropped if a sub-sequence
with maximum sum of scores P/ is found starting from the first layer of the
head that includes at least one layer, and the median value of the scores in
the sub-sequence found is greater than the median score of the previously
dropped layers. The scores of the discarded layer are not recomputed each
time, but stored during the training process and kept updated until the layer

is discarded. The n* index is also used to further compress the head model. In



particular, the tail model stores the dropped layers, i.e. the first n* layers of
the head model. These same layers are taken from the head model, resulting
in a reduced model.

The method is iterated until no more convolutional and dense layers exist,
after which they are trained for the maximum number of epochs e, and/or
patience. The whole model is evaluated on a validation set, demonstrating
that the approach does not degrade performance. To demonstrate that learning
rate does not effect training, all tests were performed with the SGD (Stochastic
Gradient Descending) optimizer to keep the rate fixed. Furthermore, no Early
Stopping techniques were utilized to compare the various tactics at the same

era.
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Figure 4.2: The image shows how the process flows through the sequence of
stages. At the first stage the input is the original image, subsequently the
features maps stored from dropped layers are used as input for the remaining
layers. [10]

4.5 Experimental Results

The following section will present the results of the proposed method, going to
evaluate different architectures and different benchmark datasets. The results
of the experiments are shown in tables 4.1 and 4.2. The results are presented
with:

e Network, indicates the neural architecture used.

e Dataset, specifies the dataset used for training and testing the Network.



e SGD, Freezing, Dropping indicates which strategy is used for training.
SGD is classical training without any strategy. F'reezing is the approach

used in [124], while Dropping is the proposed method.

e T refers to the total training duration and its value is expressed in

minutes, including warm-up epochs.

e A, indicates the accuracy value on the test, it is reported as the percent-

age of correct outputs.

o AT, serves to highlight the difference of the specific method, compared
with the basic SGD approach. The method equation used to calculate
this difference is expressed as:

_Tsep =T

Tscp

AT - 100. (4.5)

In this implementation, feature maps produced by the dropped layers are
stored on disk directly as PyTorch tensor using the “Pickle" Python pack-
age [128], that implements binary protocols for serializing and de-serializing a
Python object. We experimentally noted that using Pickle is faster than writ-
ing and reading files on disk with the Numpy package [129] and PyTorch [130].

4.5.1 Neural Architectures

To assess this idea two neural network architectures widely adopted in the
computer vision field are considered. VGG (Visual Geometry Group) is a
convolutional neural network introduced in [131]. The VGG architecture is
characterized by its depth and the use of small convolutional filters. It consists
of a sequence of convolutional layers, followed by a sequence of fully-connected
layers. There are several configurations of the VGG architecture. The smaller
version is the VGG-11 with only 11 layers. The VGG-16 has 16 layers and the
VGG-19 has 19 layers. As the number of layers in VGG increases, so do the
training time and memory requirements.

The presence of the batch normalization layer in the model determines the
order of the curves reflecting the layer scores P/ over the epochs, according to
the tests carried out using VGG. In fact, as can be seen in the Figure 4.3, the
order of the scores of the VGG+BN layers is the inverse of the order of the
scores of the VGG without BN. This is because batch normalisation speeds
up learning in neural networks by normalising the inputs of each layer, which

reduces the shift of the internal covariate. This makes the optimisation more
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Figure 4.3: The plots show the scores Pl(k) on the MNIST dataset for a VGG-11
trained with (on the left) and without batch normalization (on the right). Bath
normalization reverses the order of the score curves and reduces the internal
covariate shift making the optimization more stable and quick. As an effect,
layers are learned sequentially from input to output. [10]

stable and allows the network to learn more quickly and with greater accuracy.
So, based on experiments, to use this technique with a VGG it is advisable to
include the batch normalisation layer (one after each convolutional layer).

ResNet (Residual Network) is a convolutional neural network introduced
in [132]. ResNet is characterized by the use of residual blocks, which help to
alleviate the vanishing gradient problem and allow for the creation of much
deeper neural networks. The original ResNet architecture has several con-
figurations, including ResNet-18, a relatively small version of the ResNet ar-
chitecture with only 18 layers. ResNet-50, ResNet-101, and ResNet-152 are
much deeper versions of the ResNet architecture with 50, 101, and 152 layers,
respectively.

Note that in the case of ResNet, in order to maintain the original behaviour
as shown in the Figure 4.4, it is necessary to save not only the feature maps,

but also the output of the skip connections.

4.5.2 Dataset and Hyper-parameters

To evaluate our algorithm we use three popular classification datasets: MNIST,
CIFAR-10, and Imagenette. The MNIST and CIFAR-10 datasets were selected
for optimal overlap and comparison with [124]. The Imagenette dataset, was
chosen since it is known to be stressful and thus difficult for the algorithm.
The learning rates are set to common values used in the literature, while the
number of epochs and warm-up are selected empirically. On the MNIST and
CIFAR-10 datasets, the total number of epochs (including model warm-up) is
set to 60. On the MNIST dataset, the learning rate is fixed to 0.001. The
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Figure 4.4: The image shows how dropping takes place in the ResNet at any
residual block. The feature maps saved to the memory come from the layers
in red inside the residual block and on the skip connection. The layers on the
left of the vertical dotted line are dropped and belong to the tail, the ones on
the right belong to the head model and are trained based on the stored feature
maps. [10]

warm-up epochs are 5. On the CIFAR-10 dataset, the learning rate is fixed
to 0.1 and scaled x10 after 20 epochs. The warm-up epochs are 10. Finally,
on the Imagenette, the number of epochs is set to 150 and the learning rate is

fixed to 0.01 and scaled x10 after 50 epochs. The warm-up epochs are 25.

Table 4.1: Fast Training of VGG architectures. SGD refers to the standard
training strategy of the entire model. Freezing refers to excluding the param-
eters of some layers from the training without removing the layers from the
model. Dropping is our method where layers are deleted from the trained
model. T is the training time in minutes. A is the test accuracy value. AT is
the percentage of reduced training time with respect to the time of SGD.

SGD Freezing Dropping (Ours)
Network Dataset T (min) A (%) T (min) A (%) AT (%) T (min) A (%) AT (%)
VGG-11 MNIST 20.83 98.64 19.58 98.25 6.00 8.74 98.25 58.04
VGG-11 CIFAR-10 23.83 92.02 23.54 91.72 1.21 8.21 91.72 65.54
VGG-11 Imagenette 61.01 75.33 59.33 74.08 2.75 18.32 74.08 69.97
VGG-16 MNIST 22.54 98.85 21.45 98.26 4,24 9.01 98.26 60.03
VGG-16 CIFAR-10 26.54 93.12 24.94 92.84 6.03 9.56 92.84 63.98
VGG-16 Imagenette 74.73 78.76 71.21 77.83 4.71 25.23 77.83 66.24
VGG-19 MNIST 23.02 98.52 22.68 96.22 1.48 9.45 96.22 58.95
VGG-19 CIFAR-10 27.02 93.10 25.78 91.71 4.59 11.53 91.71 57.33

VGG-19  Imagenette  110.35 80.32 105.34 78.13 4.54 37.76 78.13 65.78




4.5.3 Results and Comparison

The results obtained with the VGG family, then with the various depths (11,
16, 19) and batch normalization, are shown in Table 4.1. Clearly, the effect
of freezing or removing layers to increase training efficiency is marginal, with
minimal differences in the range from 0.26( forVGG — 16trainedonCIFAR —
10)t02.38 (for VGG-19 trained on MNIST). The differences increase with dif-
ferent depths, however a minimal variation in accuracy is associated with a
reduction in training time.

According to the table, for the VGG models, the training time reduction
with the freeze layer technique ranges between 0.40% (for VGG-16 on the
MNIST dataset) and 6.03% (for VGG-16 on the CIFAR-10 dataset), whereas
the training time reduction with our layer reduction technique ranges between
58.04% (for VGG-11 on the MNIST dataset) and 69.97% (for VGG-11 on
the Imagenette dataset). Compared to the average of 3.52% for the frozen
layer method,this strategy produces yields of 62.87%. The ResNet family was
treated using the same technique and concerns (18, 50, 101, 152). Table 4.2
shows that accuracy values vary between techniques and range from 0.4% (for
ResNet-18 on the MNIST dataset) to 3.2% (for ResNet-152 on the Imagenette
dataset). As expected, extending the network’s complexity to a higher depth
improves performance. The layer freezing strategy reduces training time by
between 1.16%(forResNet — 50onthe M N1STdataset)and7.8% (for ResNet-

Table 4.2: Fast Training of ResNet architectures. SGD refers to the stan-
dard training strategy of the entire model. Freezing refers to excluding the
parameters of some layers from the training without removing the layers from
the model. Dropping is our method where layers are deleted from the trained
model. T is the training time in minutes. A is the test accuracy value. AT is
the percentage of reduced training time with respect to the time of SGD.

SGD Freezing Dropping (Ours)
Network  Dataset T (min) A (%) T (min) A (%) AT (%) T (min) A (%) AT (%)
ResNet-18 ~ MNIST 23.67 98.2 23.10 97.78 2.41 8.64 97.78 63.50
ResNet-18  CIFAR-10 27.67 92.25 25.97 91.82 6.14 11.90 91.82 56.99
ResNet-18  Imagenette 253.07 80.12 242.32 79.07 4.25 83.78 79.07 66.89
ResNet-50  MNIST 35.43 98.75 35.02 96.85 1.16 11.23 96.85 68.30
ResNet-50  CIFAR-10 38.43 94.40 35.40 92.05 7.88 13.05 92.05 66.04
ResNet-50  Imagenette 336.00 82.78 315.34 80.34 6.15 86.28 80.34 74.32
ResNet-101  MNIST 53.12 97.81 51.64 95.45 2.79 18.56 95.45 65.06
ResNet-101  CIFAR-10 56.12 93.98 52.03 91.26 7.29 19.53 91.26 65.20
ResNet-101  Imagenette 402.34 82.23 380.23 80.75 5.29 120.44 80.75 70.06
ResNet-152  MNIST 70.76 97.43 65.30 95.12 7.72 23.34 95.12 67.01
ResNet-152 CIFAR-10 74.76 93.45 68.93 91.03 7.80 25.75 91.03 65.56

ResNet-152  Imagenette — 540.76 82.65 504.72 79.45 6.66 180.34 79.45 66.65




152 on the CIFAR-10 dataset). Training time is reduced by about 56.99%
for ResNet-18 on the CIFAR-10 dataset and 74.32% for ResNet-50 on the
Imagenette dataset On average, freezing the layers reduces training time by
5.46%. However, the strategy reduces training time by approximately 66.30%.
The results support the hypothesis, since the loss of accuracy is equivalent to

that obtained with other approaches, despite a time saving of more than half.

4.6 Training Time and Parameter Reduction

Section 4.5 discusses how the proposed strategy improved model accuracy

and reduced training time on our machine. In order to analyze and explain
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Figure 4.5: The plots on the left show the test accuracy values of a ResNet-
18 (top) and VGG-16 (bottom) trained on the MNIST dataset with different
strategies: SGD (red curves), layer freezing (blue curves), and layer dropping
(green curves). The experiments were repeated 10 times with different starting
weights and data randomization. Freezing and dropping layers achieve nearly
equivalent test accuracy values, and the values are slightly lower than those
achieved by training the entire model. On the right, the plots show training
time per epoch. Starred curves show the time required to store the feature
maps to disk, while the other curves show the training time which decreases

over the epochs due to the lower cost of forward propagation in our method.
[10]



the usefulness of this method, this section focuses on the impact that it has on
the number of parameters and operations performed during forward propaga-
tion during training. In reality, this methodology reduces both the number of
weights for which partial derivatives must be calculated during gradient prop-
agation and the number of operations executed during forward propagation.
One potentially critical aspect of the proposed method is the phase in which
the features map are stored on the physical storage medium. Given that certain
models generate embeddings with significantly more dimensionality than the
original input during the characteristic extraction phase. These considerations
could indicate that these disk I/O operations introduce an overload, reducing
the temporal advantage derived from removal. However, actual evidence sug-
gests that layer removal never occurs layer by layer, but rather that numerous
sequential layers are typically removed concurrently. Figure 4.5 displays (left)
the accuracy scores of the ResNet-18 (top row) and VGG-16 (bottom row)
tests on the MNIST dataset over epochs using SGD optimiser, comparing the
layer freezing method with the same strategy.

The graphic 4.5 outlines all the considerations mentioned thus far. In fact,
the left side displays a comparative graph of the accuracies obtained using the
various techniques, while the right side displays the times required to com-
plete the different trainings. The overhead values outlined above are shown
individually to emphasize the importance of these processes during the epochs
in which dropping occurs. The duration of this procedure is significantly de-
pendent on the data, specifically the dimensionality of the maps to be saved. It
should be noted that the training time includes computing gradients, changing
layer weights, loading training data, and executing forward propagation. To
summarize, the graph on the right enhances the effectiveness of our method,
which becomes faster and faster as the epochs progress, as opposed to the
other approaches that obviously remain constant over time.

The left side of Figure 4.6 shows the number of parameters for each epoch
for ResNet-101 (top) and VGG-16 (bottom). The red curves reflect the number
of model parameters when using the basic and layer freezing procedures, while
the green curves represent the number of parameters when using dropping.
Due to the fact that the model is compressed during training, the number of
parameters related to the layers removal epochs is considerably reduced. This
reduction in parameters is consistent with the reduction of the MMAC during
direct propagation, as illustrated in the graphs on the right. While MMAC

remains constant in the basic and layer freezing procedures, it continues to
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Figure 4.6: Left plots show the number of network parameters in each epoch
for the ResNet-101 (top) and VGG-16 (bottom). The number of parameters
remains constant when training or freezing the layers (red curves); it decreases
with our approach (green curves). This parameter reduction is correlated with
the MMAC (Mega Multiply-Accumulate) reduction, shown in the plots on
the right, because it results in the less number of operations during forward
propagation. [10]

decrease due to the reduction in the number of factors. To make an objective
and measurable assessment, the FLOPs (floating point operations per second)
required to complete the different approaches being compared were calculated.
In particular, the MMAC was calculated, a FLOPs metric that counts the
number of matrix multiplications and accumulations (MAC) that a neural
network performs in one second. The metric is expressed in millions (mega) of
operations and is useful for evaluating the computational complexity of a neural
network and comparing the performance of different architectures. Figure 4.6
shows that the baseline (red curve) remains constant over time both in terms
of FLOPs and parameters, while Learn& Drop (green curve) benefits from the
elimination effect that reduces the size of the model and consequently results
in a respective decrease in computational cost. Table 4.3 shows the FLOP

values compared with the classic SGD approach. The last column calculates



the difference AFLOP between the two approaches. The gain is even more
evident with deeper models such as ResNet-101 and ResNet-152 with greater

variations of 80%.

Table 4.3: FLOPs reduction across architectures. SGD refers to the standard
training strategy of the entire model. Dropping is our method where layers
are deleted from the trained model. FLOPs are measured during the forward
propagation. AFLOPs is the percentage of reduced FLOPs with respect to
SGD. Our approach reduces the FLOPs of all architectures, especially of the
largest ones.

SGD Dropping (Ours)
Network  FLOPs FLOPs AFLOPs (%)
VGG-11 31,203.60 25,847.02 17.17
VGG-16 50,311.19 33,049.44 34.31
VGG-19  66,000.00 44,079.31 33.21
ResNet-18 1,987.80 640.53 67.78
ResNet-50  4.704.59  2,193.45 53.38
ResNet-101  9,262.2 1,667.27 82.00

ResNet-152 13,823.39  2,247.46 83.74




Chapter 5

Few-Parameters Architectures

According to the evidence obtained and discussed in Chapter 4, the research
activity has been oriented towards the development of architectures with a
low number of parameters capable of performing in a way comparable to the
state of the art in classification and segmentation tasks. Even more ambitious
was the desire to try to build an agnostic segmenter whose few-parameter
segmentation was conditioned only by the features extracted to perform a
classification.

In this chapter we will present and discuss in detail the Few-Parameter
architecture, FPA. This is a Depth Separable Convolutional Neural Architec-
ture, DSCNN, which uses 9 convolutional layers followed by a Global Average
Pooling (GAP) after which an output activation function is applied. This ar-
chitecture was designed to maximise the extraction of classification features,
the main task for which it is trained, and also to fulfil a region proposal task.
The use of GAP is borrowed from the method known as Network In Network
(NIN) architecture and can be used instead of the typical dense classification
layer in a similar way to NIN block, with a drastic reduction in the overall
parameters. The Region Of Interest (ROI) proposal is obtained using the win-
ning class activation map extrapolated from the last convolutional layer. FPA
was trained on different reference data sets in the classification domain; in
addition, datasets created for the segmentation of medical images were added.
The experiments performed are very promising, reaching state-of-the-art per-
formance in classification. To evaluate the ability to identify ROIs, a metric

was created for the segmentation task.
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5.1 Theoretical Background

As discussed in Chapter 3, the difficulty in retrieving and sharing data is one
of the major problems of the lack of data, a problem amplified in the medical
field by privacy issues due to the personal information of patients that prevents
its free diffusion.

This, as already mentioned in the previous sections, is reflected in the sci-
entific community in a severe difficulty in training neural architectures for
classification and segmentation tasks in the biomedical sector. To overcome
this problem, the idea behind the development of this architecture is dual.
Firstly, the aim is to build a DNN with a reduced number of parameters, to
optimise the computational costs and the resources required for its training,
and in addition to obtain a model that is able to perform several tasks simulta-
neously. This second aim is motivated precisely by the lack of annotated data
in the biomedical domain. The FPA architecture proposes to accomplish this
task by making two substantial changes: i) replacing the “mlpconv" that Lin
et al. propose in their NiN-block with classic Depth Separable Convolution (in
Figure 5.1).

NiN block DSC
1x 1 Conv
A
1 x 1 Conv 1x1 Conv
7y A
Conv Depth Conv

Figure 5.1: Differences in structure between the NiN [11] and DSC blocks.

ii) replacing the output of the MLP, commonly used to define the classifi-
cation block, with a Global Average Pooling (GAP) layer, as described in the
NIN architecture [11].



5.2 FPA architecture

The FPA architecture proposed in this work is composed of nine blocks for
feature extraction. Each block begins with a Deep Separable Convolution
(DSC) followed by Parametric Rectified Linear Units (PReLU) that allow the
cut-off values to be handled according to trainable parameters in line with

equation 5.1.

PReLU; (2) = { v ife>0
Yiz itz <0 (5.1)
= max(0, z) + v; min(0, x)

In addition, PReLLU preserves a portion of the negative values each time the
activation function is computed, in order to maintain them and regulate their
flow to the next layer.

Each block ends with a Batch Normalisation layer to normalise and reduce
the internal covariant shift [133], a typical side effect when training networks
where the weights at the i-th level tend to generate activation values that shift
towards regions where the activation derivatives are zero.

To reduce the spatial dimension at the input of each sequential block, the
feature maps are reduced by mean pooling with a kernel=2 x 2. Mean pooling
was selected to maximise the information transmitted from each feature map
to the lower levels, in order to propagate as much complete information as
possible to the last block.

The choice of DSC layers allows us to reduce the number of trainable pa-
rameters. In a classic convolution layer defined as (d, w, h) — (d,, w,, h,) with
kernel s X s, d,(s X s X d)w,h, multiplications are necessary.

In DSC, d spatial kernels th) with s X s size compute 1-depth convolutions,
and a 1 x 1 x d depth kernel K” gives the final convolution output, as reported

in equation 5.2.

h
YEJ) - Z Z Xi—l7j—m7thgh) my h=1...d

=1 m=1

p (5.2)
Yiju =Y Y KD
n=1

With this arrangement, only d;(s X s X 1)w,h, + do(1 X 1 X d;)w,h, multi-

plications are needed, which are of the order of S% compared to the standard



case.
Once feature extraction was completed thanks to the DSC blocks, GAP

(see equation 5.3) as proposed in the document by Lin et al. [11] was used in

replacement of the MLP classification block.

H W
= % Wz:z:FijC (5.3)

=1 j=1

A structural scheme of the proposed architecture is shown in Figure 5.2.
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DSC layer #1 DSC layer #9 Conv 2D
(channels, H, W) > (F, H, W) /,,, 2 (2F, 14, 14) > (F, 14, 14) /,, 2 (classes, 7, 7)

Figure 5.2: Schematic representation of Few-Parameter Architecture.

5.3 Experimental procedure

In this section, the results obtained from the FPA experimental phases will be
presented and discussed.

The experiments conducted are grouped into three tasks:

1. Classification task, on binary sets, multi-class sets and multi-target

multi-class sets.

2. Region Proposal Task, to stress the agnostic detection capability of
FPA.

3. Segmentation Task, using labelled data sets for segmentation.



The experiments in tasks 1 and 2 were performed using several benchmark
datasets present in the literature and described in Chapter 3. The first one used
is a modified version of the well-known MNIST handwritten digits database,
called mod-MNIST, and was chosen to highlight the model’s ability to identify
a specific area for a given class. In addition, to validate the proposal in the
biomedical domain, three other data sets were used, two of which belong to
MEDMNIST v2 (see 3.5), to UW-Madison and Brain Tumor. The experiments
for task 2 were conducted using the UW-Madison and Brain Tumor data sets
described in Chapter 3. These two data sets were created as segmentation data
sets, but in the proposed research activity they were used for classification and
feature identification activities. The presence of segmentation masks makes
them the most suitable for testing the region proposal task that will allow us
to calculate the metrics useful for evaluating the approach. It is important
to remember that the neural network was trained agnostically with respect to
the ground-truth masks and the training phase was guided only in terms of
classification performance. Finally, the same datasets were also used to train

the architecture in task 3, i.e. segmentation.

5.4 Results

In this section, the results obtained for the tasks described above are shown,

with the addition of ablation study results.

5.4.1 Task 1. Classification

Table 5.1 shows a summary of the results obtained by the FPA architecture,
on all the data sets (the Image dim. column shows the size of the images) used
in task 1. As can be seen, the performance in terms of AUC is very good for
each set, with particular reference to the overall accuracy performance (ACC)
for the mod-MNIST and UW Madison data sets. This last result is significant
because it shows the reliability of the network that uses MRI images for the
classification of biomedical images.

The performances obtained with the TissueMNIST and DermaMNIST data
sets in terms of accuracy are lower than those obtained with the other data
sets. Based on this observation, a comparative study was conducted on the
reference architectures used in the article [134]. Table 5.2 shows the results in
terms of accuracy, AUC and number of parameters of the architecture. As can

be seen, FPA in DermaMNIST has the best performance in terms of accuracy,



Table 5.1: Classification results on all classification data sets.

Dataset ‘ AUC ‘ ACC ‘ Image dim.

modMNIST | 0.9997 | 0.9974 | (224,224)
tissueMNIST | 0.9319 | 0.6857 | (224,224)
tissueMNIST | 0.9375 | 0.6992 | (28,28)
DermaMNIST | 0.9338 | 0.7646 | (224,224)

(

(

(

DermaMNIST | 0.9338 | 0.7855 | (28,28)
UW Madison | 0,9989 | 0,9866 | (224,224)
Brain Tumor | 0,9634 | 0,9961 | (224,224)

AUC and, above all, the number of parameters used by the architecture. For
TissueMNIST, despite AutoKeras slightly outperforming our architecture, it

uses ~ % of the parameters.

Table 5.2: Comparison between FPA and the reference architectures proposed
on DermaMNIST and TissueMNIST.

Architecture ‘ DermaMNIST ‘ TissueMNIST ‘ Paramater
‘ AUC ‘ ACC ‘ AUC ‘ ACC ‘

ResNet-18 (28) 0.9170 | 0.7350 | 0.9300 | 0.6760 11,689,512
ResNet-18 (224) 0.9200 | 0.7540 | 0.9330 | 0.6810 11,689,512
ResNet-50 (28) 0.9130 | 0.7350 | 0.9310 | 0.6800 25,557,032
ResNet-50 (224) 0.9120 | 0.7310 | 0.9320 | 0.6800 25,557,032
auto-sklearn 0.9020 | 0.7190 | 0.8280 | 0.5320 NaN*
AutoKeras 0.9150 | 0.7490 | 0.9410 | 0.7030 147,713
Google AutoML V. | 0.9140 | 0.7680 | 0.9240 | 0.6730 NaN*
FPA (28) 0.9338 | 0.7855 | 0.9375 | 0.6992 | 49,995 / 50,086
FPA (224) 0.9338 | 0.7646 | 0.9319 | 0.6857 | 94,125 / 97,623

* the parameters of these two architectures are not available because they are only accessible via web API

5.4.2 Task 2. Region proposal

In this section we will report the results obtained by the architecture in the re-
gion proposal agnostic task. In fact, as reported, the objective of this approach
was to identify the most important features map obtained through Global Av-
erage Pooling. This assumption aims to extract the areas of interest for a
single class within the entire image only thanks to the information obtained
from the classification.

Specifically, the aim was to demonstrate how each of the network outputs,



activated on the characteristics that characterise the reference class, focused
on the region relevant to the identification of the class. An example is shown

in Figure 5.3 calculated on the 10 outputs for the mod-MNIST test images.

0 ° 0 H 0 z 0 : 0 il 0 = 0 S 0 . 0 S 0 -
100 0 0 0 0 0 0 S bo 0 X [ bo
6 ‘
200 0 0 0 0 0 0 ‘ po 0 8 ho
0 W0 2200 0 00 200 0 100 2200 0 100 200 0 100 200 0 100 00 0 100 200 0 100 200

0 100 200 0 100 200

Figure 5.3: A graphical representation of the architecture’s feature selection
using modMNIST training. It demonstrates that the model is able to identify
zones and assign them to the corresponding classes.

As can be seen from the figure, in an image containing the classes 0,6, 8, 8
the regions that are detected as relevant are those corresponding to the cor-
rectly predicted class. The results obtained show that the theory underlying
this representation is correct; nevertheless mod-MNIST is still an oversimpli-
fied example, which is why it was deemed necessary to test the approach also
on datasets with more complex feature structures. The UW Madison and MRI
Brain datasets were selected for this second experimental phase of task 2. Also
in this phase it was observed how the feature maps of the correctly predicted
classes highlight the most relevant pixel regions, as can be seen in Figure 5.4
where the initial image, the ground truth, the prediction of our architecture
and the intersection between the latter two are shown.

Although FAP provides for ROlISs, it does not achieve performance compara-
ble with architectures designed specifically for semantic segmentation, which
is the reason why we considered it necessary to define the intensities of the

expected characteristics through a trade-off described by the equation 5.4

where M; is the ROI mask predicted for the i-th class, p; is the classification
prediction for the same class and F; is the feature map of the i-th channel of

the last layer.

5.4.3 Task 3. Semantic segmentation

The final task for whom experiments have been carried out is segmentation.
In contrast to the region proposal task, where the training loss only used a
cross-entropy (or a binary cross-entropy), in the experiments carried out for

this task a different loss was used that took into account the error calculated



Figure 5.4: The first row displays the predictions overlaid on the original
image, allowing a direct observation of how the model interprets the scene.
The second row highlights only the predicted areas, facilitating the analysis of
the segmentation obtained. Finally, the last row shows the original image and
the corresponding prediction mask side by side, offering a direct comparison
between the real content and the model’s output.

on the ground-truth masks. The results obtained from this phase are shown
in the table 5.3.

Dataset ‘ AVG DICE ‘ Parameters

UW-Madison 0.6072 165,484
Brain Tumor 0.7528 165,484

Table 5.3: Results obtained in the segmentation task on the UW-Madison and
Brain tumour datasets

As can be seen in the table, the Average Dice score values are acceptable
considering the very low number of parameters. In fact, at the state of the art,
the models that perform best on these datasets have a number of parameters
ranging from 7M to 100M. An example of the results obtained by FPA in task

3 are shown in the Figure 5.5

5.4.4 Ablation study

This section shows the results achieved from the ablation study to compare
the results gained from FPA with and without an MLP layer for classification.
Table 5.4 shows the results obtained from the first phase of the ablation study.

A further set of experiments was conducted varying the activation function



Figure 5.5: Example of the results obtained on the UW-Madison dataset.
The three columns present, from top to bottom, the intersection between the
prediction and the ground-truth mask, the original mask and the prediction of
the proposed architecture for three different samples.

Table 5.4: A comparison of FPA and MLP-out architectures on DermaMNIST
and modMNIST.

Architecture ‘ Dataset ‘ AUC ‘ ACC ‘ Parameters
FPA DermaMNIST | 0.9338 | 0.7855 49,995
Dense DermaMNIST | 0.9312 | 0.7601 274,181
FPA modMNIST | 0,9997 | 0,9974 50.376
Dense modMNIST | 0,9994 | 0,9974 82.450

PReLU, selected for its ability to preserve negative contributions in feature
maps, with a ReLU. The results of this ablation study are reported in table
5.5

As can be seen from the results obtained from both ablation study exper-

iments, the choice to use only GAP and PReLLU has proven to be a winning



Table 5.5: Comparison between FPA with PReLU and ReLU as activation
function on DermaMNIST.

Dataset ‘ Architecture ‘ AUC ‘ ACC

FPA (224)(PReLU) | 0.9338 | 0.7646
FPA (224) (ReLU) | 0.6599 | 0.6688
FPA (28) (PReLU) | 0.9338 | 0.7855
FPA (28) (ReLU) | 0.9282 | 0.7680

DermaMNIST (224)

DermaMNIST (28)

choice. In fact, although the proposed architecture performs very well in task
1, the preliminary results obtained in tasks 2 and 3 are still very promising
but not fully satisfactory. The research is therefore still ongoing with the aim
of maximising the potential of the model. The obstacle to overcome still lies
in the hybrid task, where the absence of masks makes it hard to guide the

training in a consistent way.



Chapter 6

Al integrating in medical
standard: I0Deep

The next section, 6.1, provides an in-depth description of the DICOM (Digital
Imaging and Communications in Medicine) standard, with a focus on its archi-
tecture, communication mechanisms and information models. This overview is
fundamental in order to rigorously contextualise the design choices that led to
the definition of IODeep. In particular, an understanding of the DICOM spec-
ifications makes it possible to interpret the motivations behind the solutions
adopted in terms of interoperability, metadata management, data organisation
and compliance with regulatory and standardisation requirements. The anal-
ysis of the standard is the foundation of the theoretical and technical premise
on which IODeep is designed and developed, which, remaining consistent with
the native DICOM constructs, proposes to integrate AI models in the medical
field.

6.1 DICOM

In the 1970s, With the advent of Computed Tomography (CT) and other
digital imaging modalities on the one hand and with the increasing use of
computers in clinical applications on the other, the American College of Radi-
ology (ACR) and the National Electrical Manufacturers Association (NEMA)
highlighted the need for a standardized method of transmitting medical im-
ages between different devices. To meet this need, the solution was to create a
standard to improve communication between imaging devices, support image
archiving and communication systems (PACS), and enable the development
of diagnostic image databases. The standard underwent substantial alteration

and was renamed Digital Imaging and Communications in Medicine (DICOM)
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in 1993, after the initial versions were deployed. DICOM, unlike its predeces-
sors, was built for TCP /TP-enabled network systems, facilitated offline media
interchange, and featured a service-oriented architecture for imaging workflow
management. As time passed and technology advanced, a greater number of
people were interested in the world of medical imaging, therefore the ACR-
NEMA committee became the DICOM Standards Committee. The latter was
expressly intended to accommodate all of these new figures in a single, globally
consistent format.

The DICOM standard is the primary communication protocol and file for-
mat for digital medical imaging (Figure 6.1). It establishes a set of principles
and criteria for the collecting, storage, transportation, and presentation of
diagnostic images.

The DICOM standard aims to support as many imaging modalities as pos-
sible, including radiography (RX), magnetic resonance imaging (MRI), ultra-
sound, and CT. However, making use of new diagnostic processes and the
development of new technology necessitates ongoing updates to keep up with
advancements.

The DICOM format is defined by a framework that could include not just
multimedia data (images/videos), but also clinical information about the pa-
tient, the reference examination, the acquisition equipment, technical speci-
fications, and further information. This information, known as metadata, is
essential for maintaining the integrity, traceability, and compliance of medical

images.
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Figure 6.1: The diagram outlines the standard imaging workflow, which begins
with patient registration and imaging order entry. The latter, once acquired,
are stored in DICOM format through PACS systems and analysed by radiolo-
gists to generate diagnostic reports. This clinical pipeline is the infrastructure
into which artificial intelligence-based systems should be integrated.

6.1.1 DICOM Standard Hierarchy

The DICOM format is characterized by its hierarchical data organization; this
architecture allows information to be naturally classified, resulting in ease of
insertion and retrieval for common management tasks such as modification,
update, and/or deletion. Figure 6.2 clarifies the hierarchical framework’s four

levels and key participants.
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Figure 6.2: Standard DICOM’s hierarchical structure. [12]

As can be seen from the figure, the standard is therefore organised into:

e Patient: The DICOM hierarchy starts from the patient. The Patient

ID is the unique identifier assigned to each patient. This identifier offers
all patient information, including diagnostic images, to be linked to the

subject’s personal information.

Study: refers to a set of tests performed on a patient on a given occasion
or for a particular medical problem. Each study is identified by a study
number, the Study Instance UID (0020,000D).

Series: is a subset of images acquired in the same context during a
study. FEach series has a unique identifier called Series Instance UID
(0020,000E). The series are organised according to the imaging modalities
used and can represent different perspectives or acquisition modalities

within the same study.

Instance: represents a single image acquired within a series. They are

identified by an instance number called SOP Instance UID (0008,0018)



of the series and can differ according to the imaging modality used (e.g.

an instance can represent a single cross-section of the patient’s body).

The widespread adoption of this standard has influenced how healthcare
professionals share and access medical information, providing seamless inte-
gration across various systems and imaging devices. Historically, differences
in proprietary formats and system requirements impeded efficient communi-
cation, slowing workflows and complicating patient care. This system has
addressed many of these challenges by standardizing data formats and commu-
nication protocols, which allows for a more fluid flow of medical data regardless
of software or hardware.

This allows clinicians to access and transmit crucial patient data more
quickly, leading to faster and more accurate diagnoses. Better data accessibility
has also promoted more effective collaboration among healthcare practition-
ers, encouraging specialists from disparate locations to work together more
efficiently. This has caused a particularly significant impact in sectors such
as radiology, cancer, and cardiology, where timely access to imaging tests is
critical for decision-making. Furthermore, the ability to connect several imag-
ing modalities and patient records into a unified digital ecosystem facilitates
a more comprehensive approach to patient care. With a uniform framework
in place, healthcare organizations may better evaluate medical images using
cutting-edge technologies such as artificial intelligence and machine learning.
This can result in more accurate diagnosis and predictive analytics for the
course of diseases. Because of its wide adoption, the DICOM standard is now
an integral component of modern medical imaging and the digital infrastruc-
ture that supports diagnostic operations. It is a crucial component of modern
medical practice since it not only enhances the quality and effectiveness of
healthcare services, but also ensures data security and accessibility in the long

term.

6.1.2 DICOM Tag’s

A structured collection of tags, or attributes, make up each DICOM file, col-
lecting specific information about the medical image and the acquisition en-
vironments. These tags are in the "tag-value" format, meaning that each tag
is associated with a unique code (tag ID) and can hold text, numbers, dates,
or other pertinent information. By ensuring that medical images include the
necessary metadata, this methodical approach helps to make them easier to

understand, store, and transmit across many systems. DICOM tags are cate-



gorized into modules that classify similar attributes according to their function
or application in order to preserve organization and consistency. For example,
some modules might have information on the imaging instrument, acquisition
parameters, or study-specific metadata, while others might contain patient-
related information.

Tables 6.1 and 6.2 show key DICOM tags organized by module. Each row
in these tables contains significant details about the tag, such as its name,
unique numerical identification, Value Representation (VR), which identifies
the data type associated with the tag, and an example of a possible value it
can hold. This standardized representation enables medical professionals and
software systems to efficiently interpret and handle DICOM data, ensuring

compatibility with a variety of medical imaging platforms.

Table 6.1: Main tags in Patient module, General Study module e General
Series module

Name TAG VR Values

Patient module

Patient’s Name (0010,0010) Person Name | e.g. "Mario Rossi"
Patient ID (0010,0020) Long String e.g. "HF1316"
Patient’s Birth Date | (0010,0030) Time e.g. 19700101
Patient’s Sex (0010,0040) Code String e.g. "M"

General Study module

Study Description (0008,1030) Long String e.g. "MRI HEAD"

Study Instance UID | (0020,000D) | Unique Identifier UID

General Series module

Modality (0008,0060) Code String e.g. "MRI", "CT"
Body Part ) " "
Examinated (0018,0015) Code String e.g. "HEAD

Series Instance UID | (0020,000E) | Unique Identifier UID




Table 6.2: Below a brief overview about Patient, General Study and General
Series modules

Name TAG VR Values

Image Plane module

Image Position (0020,0032) | Decimal String | e.g. "0, 265, 0]"

(Patient)
Image Orientation . .

(Patient) (0020,0037) Decimal String | e.g. "[1,0,0,0,1,0]"
Pixel Spacing (0028,0030) Decimal String | e.g. "[1.367, 1.367|
Image Pixel module

Sample per Pixel (0028,0002) Unsigned Short lor3

iﬁgigﬁiﬁn (0028,0004) Code String c.g. "RCB"

Rows (0028,0010) | Unsigned Short e.g. "128"

Columns (0028,0011) Unsigned Short e.g. "128"

Pixel Data (TFE0.0010) | /%Z?er wing | Pivel matrix
SOP Common module

SOP Instance UID | (0008,0018) | Unique Identifier UID

6.1.3 Modality RTSTRUCT

The RTSTRUCT (Radiotherapy Structure Set) modality is one of the most
important uses of the DICOM standard in the field of radiotherapy. Due to
it makes it possible to accurately identify and archive anatomical structures
and target regions subject to radiation therapy, this method is essential to
treatment planning.

An accurate characterization of regions of interest is necessary for success-
ful radiotherapy because it ensures that radiation is supplied to the intended
places with the least amount of exposure to neighboring healthy tissues. The
RTSTRUCT modality simplifies this process by allowing users to store con-
tour data for these places into designated DICOM tags. As shown in Ta-
ble6.3, these tags are arranged within the ROI Contour Module and include
crucial details about each region, such as its spatial relationships, geomet-

ric borders, and related labels. RSTRUCT improves interoperability between



imaging and treatment planning systems by standardizing the representation
of structures in radiation. This guarantees that various software and equip-
ment can correctly read and use the same data. This is especially crucial
in multi-institutional partnerships, adaptive radiotherapy, and the incorpora-
tion of cutting-edge imaging methods, where accurate anatomical mapping is

necessary to maximize patient outcomes and treatment efficacy.

Table 6.3: Main Tags in the ROI Contour Module

Name TAG VR Values

ROI Contour module

ROI Contour Sequence (3006,0039) Sequence

> Contour Sequence (3006,0040) Sequence

Contour Image

Sequence
Referenced SOP
Instance UID

(3006,0016) Sequence

(0008,1155) | Unique Identifier | UID

> Contour Data (3006,0050) | Decimal String | Coords

DICOM tags with the Value Representation (VR) "Sequence" work as con-
tainers for structured collections of other tags, allowing complex hierarchical
data to be stored and arranged efficiently. Two crucial tags in radiotherapy

applications are Contour Data and Referenced SOP Instance UID.

e Contour Data stores the three-dimensional coordinates of the points
that define the boundaries of a Region of Interest (ROI). These coor-
dinates play a crucial role in precisely mapping anatomical structures,

ensuring accurate delineation for treatment planning.

e Referenced SOP Instance UID contains the unique identifier (UID)
of the SOP Instance to which the ROI corresponds. This ensures that
each contoured region is correctly linked to its associated medical image,

preserving the integrity and consistency of the data.

The use of these tags is particularly significant for training machine learn-
ing and deep learning models for medical image analysis. By associating con-
tour data with a specific SOP Instance UID, it is easy to create a supervised
training dataset in which images are associated with their identified anatom-

ical features. This structured data set allows for the creation of powerful Al



models capable of conducting autonomous segmentation, tumor detection, and
optimization of treatment planning in radiotherapy. Furthermore, incorporat-
ing DICOM RTSTRUCT data into Al-driven workflows increases the poten-
tial for better clinical decision-making, reduces manual contouring efforts, and
improves the consistency and accuracy of delineated regions between institu-
tions and practitioners. This standardization is crucial for the advancement of
personalized and adaptive radiotherapy, where Al-assisted segmentation can
dynamically refine treatment plans based on patient-specific anatomical vari-

ations.

6.1.4 Server PACS

A Server PACS (Picture Archiving and Communication System) [135] is a in-
formation system that is mainly used in the medical field to store, manage, and
distribute diagnostic images in a centralized way. Widely used in the healthcare
sector, Server PACS eliminate the need for physical image storage, enabling
secure digital archiving and seamless access to medical images for healthcare
professionals, both locally and remotely. As previously explained, DICOM
files contain not only the image itself, but also a number of metadata, such
as patient information, scan parameters, and acquisition device information.
These metadata are used by Server PACS, which are designed to efficiently
manage DICOM images (Figure 6.3), with the following functionality:

e Medical image archive: A Server PACS allows physician to safely
archive large volumes of DICOM data. This digitization has enabled
the removal of barriers and physical supports, facilitating access and
distribution by healthcare professionals, even remotely. This transition
has significantly improved workflow efficiency, data preservation, and

remote collaboration in the medical field.

e Image Distribution: One of the key functions of a Server PACS is the
distribution of medical images to authorized healthcare professionals, al-
lowing them to quickly access the images required for diagnostic and
therapeutic decisions. This distribution can occur within a healthcare
facility or between different structures, allowing remote image consulta-
tion. Beyond a question, the most important characteristic of a Server
PACS is the flexibility with which images can be distributed. Authorized
clinicians can immediately access the information they need to make di-

agnostic and treatment decisions. A system that can scale at different



levels and diffent scenarios:

— Local Server PACS for a single department where all users belong

to a specific clinical unit.

— Local Server PACS shared across multiple departments that consol-
idates imaging data from different sources within the same institu-

tion.

— Centralized Server PACS for multiple facilities acting as a unified
hub to store and distribute imaging studies throughout an entire

healthcare network.

This flexible architecture supports distributed access to medical images,
improving collaboration among specialists and enabling remote diagnos-

tics, second opinions, and multidisciplinary case discussions.

e Image management: A Server PACS organizes medical images ac-
cording to the hierarchical framework outlined in 6.2. A management
system that allows health care providers to quickly navigate the tree or
search for specific values such patient name, study date, and exam type.
Numerous PACS systems support instance viewing with specific plug-
ins, allowing for direct inspection of information without the need for an

external application.

e Integration with other platforms: Server PACS are part of a larger
ecosystem of healthcare information systems, including health informa-
tion management systems (HIS) and radiology information systems (RIS),
to create an integrated workflow and improve operational efficiency [136].
The exchange of data between HIS, RIS, and PACS follows a specific
Integration Profile (i.e., a standardized scenario) known as Scheduled
Workflow, as outlined by IHE (Integrating the Healthcare Enterprise).
The latter is a non-profit organization that collaborates with several
worldwide healthcare organizations to encourage the use of common in-

formation technology standards for data sharing.
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Figure 6.3: Server PACS architecture. [12]

6.1.5 DICOM Viewer

A DICOM Viewer is a specialized software application used to view, analyze
and process medical images stored in the DICOM format. It is an essential
tool in the medical field, where imaging plays a crucial role in diagnosis and
treatment planning. A DICOM viewer supports images from various differ-
ent sources (MRI, CT), ensuring compliance with the DICOM standard for
interoperability with image archiving and communication systems (PACS). It
allows users to view images from multiple medical imaging devices on a single
platform. It offers a set of advanced image manipulation features, including
zoom, pan, rotate and flip for better viewing and analyzing. Users can also
adjust window leveling and contrast to improve image quality. In addition, fea-
tures such as 3D reconstruction and multiplanar reconstruction (MPR) help
improve spatial understanding of structures. Measurement and annotation
tools allow users to measure distances, angles and regions of interest (ROIs)
and add text annotations, markers and notes to images to improve communi-
cation between specialists. Integration with PACS, HIS (Hospital Information
Systems) and RIS (Radiology Information Systems) ensures image retrieval.
Security and compliance are integral aspects of a DICOM viewer, which im-
plements encryption, user authentication and access control to protect patient
data, ensuring compliance with defined standards for medical data. There

are different types of DICOM viewers. Standalone viewers are installed on



local computers for offline access and analysis, while Web-based viewers are
cloud-based solutions accessible through Web browsers without the need to in-
stall software. Open source viewers, such as RadiAnt [137], Horos !, OsiriX?,
and 3D Slicer®, offers community-supported alternatives, whilst commercial
viewers are feature-rich software solutions that are integrated with PACS and
distributed by medical imaging companies. Furthermore, DICOM viewers are
useful in telemedicine since they enable for remote consultation and diagno-
sis. For these reasons, they are essential tools for modern medical imaging,
allowing healthcare personnel to efficiently interpret and handle medical im-
ages. DICOM viewers are evolving to include advanced capabilities for better
patient care and medical research, thanks to improvements in cloud computing

and artificial intelligence.

6.2 Al in DICOM

In recent years, artificial intelligence (AI) has made significant advances in
a variety of areas, resulting in increasingly advanced performance in compli-
cated tasks. The medical field has also attracted the attention of the scientific
community, with an increasing number of studies aimed at incorporating Al
models into diagnostic and therapeutic processes. Despite the remarkable out-
comes that were obtained, the community struggles to accept and opposes the
widespread application of Al in clinical practice. The lack of trust in health-
care professionals in the face of Al-powered predictions is a significant obstacle.
Although such models can be helpful for diagnosis, their application in health-
care facilities is growing with caution. The effective usage of Al could reduce
the strain of healthcare staff by streamlining analysis time and lowering the
danger of human errors [138]. In addition, patients would benefit from more
objective assessments that are devoid of prejudice caused by the individual
specialist’s subjective interpretation. A well-trained AI model has the poten-
tial to identify diagnostic patterns that are invisible to the naked sight, thereby
contributing not only to the diagnostic phase but also to the preventive phase
by recognizing early indicators of disease that would otherwise go unnoticed.
Despite their obvious potential, these novel tools are rarely integrated into clin-
ical workflows. Currently, the use of Al in clinical practice is limited to specific

experimental applications, although the field is rapidly evolving. The goal of

https:/ /horosproject.org/
2https://www.osirix-viewer.com/
3https:/ /www.slicer.org/



this researches is to construct transparent, reliable, and regulatory-compliant
models that can operate alongside physicians without replacing them, increas-
ing the quality of diagnosis and healthcare [139]. A seamless integration of DL
in this type of system could lead to the recognition of different types of diseases
and disorders, with real data that comes from various sources (MR, CT) but
also from multiple facilities, using different tools to acquire the same type of
image with a variety, making training more robust and less data-dependent.
A configuration as described fits neatly with the idea of federated learning.
The problem was solved in [140] and [141], using a local distribution of mod-
els that go to update the weights of a central model. If the models achieve
acceptable performance, they may utilize XAI techniques to demonstrate ro-
bustness and increase confidence in their predictions [142]. Recently, the first
approaches of framework integration within the DICOM standard, as done
in [143], suggests a solution for slides and medical reports management, as
well as an image analysis compatible with open-source applications such as
Dicoogle PACS, with the possibility of integrating ad hoc solutions developed
by users. In [144], the work develops Visilab Viewer, a web-based platform
that allows for the viewing of a particular type of image: Whole Slide Images
(WSI) from a multi-frame DICOM. Al algorithms are being integrated into
clinical workflows rather than being included in standards, as shown in [145].
Images are stored in a PACS system and accessed through external services
through a typical web application configuration, resulting in a RESTful web
services (DICOMweb™)3 system. In this case, the external application must
implement DICOMWeb Client APIs that invoke the DICOMWeb Server via
HTTPS Protocol. The authors then chose a subset of DICOM tags required
to investigate the microscope images.

Similar applications, as described in [146], involve the development of a plat-
form by the EMPAIA consortium that permits direct connectivity between a
web browser and a medical or computer infrastructure. This enables users to
manage data while running third-party artificial intelligence applications on
the same data. A significant advantage is being independent from the PACS
system or WSI image management tools. In [147|, a roadmap for integrating
image analysis algorithms based on artificial intelligence in existing radiologic
workflows is proposed, including a study on cerebral magnetic resonance. In
the work [148], a strategy for integrating Al-based image analysis algorithms
into traditional radiologic processes is proposed, illustrating a real-world case

of cerebral magnetic resonance. In [149], the framework Niffler is presented,



which is a machine learning system capable of acquiring images from PACS via
DICOM network tools. Niffler extracts and generates metadata from stored
images, which allows real-time analysis of both radiological and textual data.
Finally, in [150], an automatic learning model for automated medical image
analysis is demonstrated, which is integrated in a PACS system using DICOM
services based on open source tools. Other examples of Al applications can
be found in [151] the authors proposed a DICOM Imaging Router which in-
corporates CNNs for categorizing unknown DICOM X-ray images into five
anatomical groups: “abdominal”, “adult chest”, “pediatric chest”, “spine”, and
“others”. Although the frameworks mentioned above achieve a DICOM infras-
tructure to perform their job, it requires the usage of a range of accouterments
that burden specialized workers who must learn how to handle them [152].This
highlights that while the DICOM standard and Al applications remain two sep-
arate worlds, they may operate together synergistically when necessary, albeit
without true integration. In [153] the PyRaDiSe package has been developed,
which goes in the direction of a tight integration. PyRaDiSe is an open-source
Python package which is independent of DL frameworks, and addresses the
issue of artifacts caused by 2D reconstruction as it provides a framework for
developing auto-segmentation solutions that can directly operate on DICOM
data. Authors claim that PyRaDiSe helps to bridge the gap between data sci-
ence and clinical radiotherapy by facilitating the implementation of deep learn-
ing segmentation models in clinical research practice. Actually, PyRaDiSe has
the same research objective as IODeep, and the authors leverage DICOM RT
Structure Sets (RTSS) to allow data conversion from DICOM to other image
formats thus enabling easy auto-segmentation routines. It is well known in
the DICOM related literature [154] that DICOM RTSS are a suitable place to
store Al related information like the labels for models training, and also the
framework we devised for IODeep makes use of DICOM RTSS to store ROI
contours. Differently from PyRaDiSe, in IODeep there is no need to code the
segmentation solution. I0Deep provides the physician with predictions about
relevant ROIs in a completely transparent way. Right now, the information ar-
chitecture of the DICOM standard does not foresee any type of inclusion of Al,
neither as a proper IOD nor in terms of defining a suitable Information Object
Module (IOM) to be included in a more general structure. Currently, DICOM
is moving towards the integration of Al applications, and a Work Group has

been created purposely that is the “WG-23: Artificial Intelligence/Application



"4 The main activity of the WG-23 has been oriented in defining mech-

Hosting
anisms for discovering heterogeneous Al services that can expose a suitable
manifest for declaring the DICOM services provided to the imaging platform.
In the present work we adopt an approach that relies on a direct extension of
the DICOM information architecture. This architectural choice derives from
the previous experience by some of the authors in developing a framework for
adaptive configuration of the PACS viewers’” GUIs based either on the content
(i.e. reason for study, modality and body part) of the images to be displayed
or on explicit preferences issued by the radiologist. Configuration information
is stored in a dedicated IOM which extends the DICOMDIR IOD [155]. We
think that the design of new components of the DICOM information architec-
ture, as in the case of IODeep, makes the extension to the standard simpler
than defining the interfaces to interact with an external software ecosystem.
Moreover, the architectural solution devised by the WG-23 could be prone to
problems in a training and/or fine-tuning scenario, when a huge amount of
data would have to be moved across the interface to feed the DL model. We
developed both a “monolithic” PACS client that implements all the workflow
related to the use of IODeep and the service architecture that makes use of
I0ODeep according to the indications of the WG-23. In the next section we
detail our implementation, and we compare the two solutions.

In this scenario, during my research for my doctorate I conducted an exper-
iment to fill this gap and finally succeed in integrating a Deep Neural Network
into the DICOM standard, presented in the paper ‘10Deep: an IOD for the
introduction of deep learning in the DICOM standard’ by Contino et al. [12].

6.3 10Deep Architecture

This section will describe the architecture and data model, schematized with an
E-R diagram Figure 6.4, this represents how IODeep is connected to the real-
world DICOM model®. The diagram highlights that the information contained
in IODeep is needed to instantiate a specific DNN, which will go to predict
ROIs on different images. The references of the images and their respective
ROIs, will be stored in the DICOM architecture.

The entire IODeep structure is shown in table 6.4, the informations stored in
“DNN”. “Image Pixel”, “General Study”, and “General Series” IOMs are essential
for the right choice of the neural network, that will be used to identify ROIs

‘https://www.dicomstandard.org/activity/wgs/wg-23
Shttps://dicom.nema.org/medical/dicom/current/output/html/part03.html
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Figure 6.4: E-R diagram representing the connection between I0Deep and the
Dicom Model of the Real World [12]

over the examined image. The suggested IOM, DNN, comprises model-related
data. It contains information about the architecture and weights, as well
as indicators about the training hyperparameters, whether the network was
trained from scratch or through fine tuning. The Image Pizel IOM maintains
information about the image’s structural properties, which are required for
arranging the input for the DNN instance. The General Series IOM contains
information on the image modality and which anatomical part is referred to
during the capture. The General Study is a mandatory module, because it
contains the StudylnstanceUID, this tag its fundamental to create the Service
Object Pair (SOP) Class aimed at storing/retrieving IODeep instances from
the Server PACS.

As defined by WG-23 DICOM, the proposed IOD is a non-patient IOD and
contains no patient information. In full compliance with the standard and its
VMs, the Patient Module fields (not shown in the 6.4 table) are not populated
with any information. The architecture of IODeep, is to set the value of the
tag DnnUID to populate the fields The StudylnstanceUID in the “General
Study” module and the SeriesinstanceUID in the “General Series” module,
which however remain mandatory but not used in this work.

Assuming that our PACS runs in an IT infrastructure where it is possible to
access a DNN back-end in Pytorch or Tensorflow, the DNN Module structure

contains information about the network. The defined tags are:
e DnnUID is the unique identification code.

e DnnName is a name that summarizes data on which it was trained and

model type.



Table 6.4: The general IODeep structure reporting both the modules and the

tags required for selecting and instancing a DNN architecture.

Name TAG VR Values

DNN module
DnnArchitecture (0017, 00XX) | UT DNN architecture
DnnWeitghts (0017, 00X1) | UT DNN weight
DnnName (0017, 00X2) | PN e.g. “Brain Tumor segmentaion Unet”
DnnUID (0017, 00X3) | UI UID*
DnnTrainingInfo (0017, 0024) | UT Dictionary
DnnFineTuning (0017, 0026) | CS True or False

Image Pixel module

RGB, MONOCHROMEL...

PhotometricInterpretation | (0028, 0004) | CS
(DICOM standard Section C.7.6.3.1.2)
SamplesPerPizel (0028, 0002) | US 3orl
[“P”, LLFW]; [LLL777 <4P77];[LLL777 “F”]
PatientOrientation (0020, 0020) | CS
(DICOM standard Section C.7.6.1.1.1)
PlanarConfiguration (0028, 0006) | US Oorl
General Study module
StudyInstanceUID (0020, 000D) | UI UID*
General Series module
SeriesInstance UID (0020, 000E) | UI UID*
CT, MR, PT ...
Modality (0008, 0060) | CS
(DICOM standard Section C.7.3.1.1.1)
BREAST, ABDOMEN, CHEST ...
BodyPartEzamined (0018, 0015) | CS

(DICOM Part 16: Content Mapping Resource)
* These tags share the same Unique IDentifier that is the one defined for the DnnUID tag

e DnnArchitecture contains the architecture of the DNN.
e DnnWeights contains the weights of the DNN model.

It should be highlighted, that the DnnArchitecture and DnnWeights fields are
defined with VR equal to unlimited text (UT), this is an intentional choice

motivated by the fact that the authors claim to be able to accept structured
files such as JSON and XML or URIs to local binary files.



In 6.5, an example JSON file is provided, where the input_shape keys stand
out, in which we acquire information about the input tensor and we might
change the picture to match the considered slide. The field architecture
contains a sequential list of layers that compose up the model. To expand the
potential of network representation in this structure, the key skip_connection
has been included. It allows you to generate not only "linear" models like the
traditional VGG, but also more sophisticated networks like the ResNet family
or a U-Net. In addition, thanks to the backend field, the parser will be able
to instantiate the model using the selected DNN back-end; this process is
quite transparent to the user. The system will automatically instantiate the
model provided in the JSON file and, if available, load pre-trained weights
for a certain image type. The defined pipeline is fully complaint with the
standard and complies with privacy and security terms, in fact the back-end
goes to operate on the image displayed in the PACS. This ensures that no
privacy issues occur because the radiologist is authorized to see the patient’s
data and the network uses only the values stored in the “Frame Of Reference”

and “Image Pixel” modules of the slice.

6.4 The ROI prediction workflow

As previously noted, the most interesting aspect of IODeep is the idea of incor-
porating Al into the DICOM standard. However, it is important to remember
the ROI prediction tool, which shows regions that the specialist may would
like to monitor. In the Figure 6.6, the UML diagram explains the pipeline of
ROI prediction. To show the efficiency of the suggested method, a very basic
and lightweight PACS viewer was constructed.

The doctor starts the process by selecting a patient to observe. Next, select
the reference study and, within it, choose one of the series available from the
list. After identifying the series, visualize the arrangement of the slides for a
more in-depth analysis. After identifying that particular slide to work on, the
doctor can interact with the Viewer PACS and click the "AI ROI" button.
This command activates an automatic mechanism tasked with identifying and
predicting the regions of interest (ROI) inside the slide.

The implemented PACS Client starts the process by calling the Server PACS
and requesting a list of IODeep instances. This is accomplished by reading the
tags in “General Series” and “Image Pixel” from the currently active slice. After

that, certain tags are analyzed to identify imaging properties. The Modality
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Figure 6.5: Representation of the U-net neural network used in our example,
and its JSON description.

tag (0008, 0060) specifies the modality of image acquisition, whereas the Body-
PartExamined tag (0018, 0015) identifies the anatomical region under study.
If the latter is empty, an attempt is made to derive it from the values of
the StudyDescription tag (0008, 1030), whilst the SamplePerPixel tag (0028,
0002) offers information on the number of channels in the recorded data. The
combined analysis of these factors allows us to determine both the type of ex-
amination performed on the patient and the body part involved. Finally, the
method 2 is used to identify the most suited neural network. Despite the fact
that all of the information required for the construction of the model is avail-
able, it is critical to perform a preliminary check on the coherence of the shape
of the slices to ensure that they can be correctly elaborated from the neural
network. This step is critical for avoiding compatibility errors during the in-
ference phase and ensuring accurate medical image preparation. To conduct
this evaluation, the tags SamplePerPixel (0028, 0002), Rows (0028, 0010), and
Columns (0028, 0011) are examined, which provide information on the num-

ber of channels in the image, the number of rows, and the number of columns



in the pixel matrix. If the values extracted by these tags do not correspond
to the shapes required for neural network input, the appropriate transforma-
tions, such as resizing, format conversion, or normalization, are applied to
ensure compatibility. Aside from the image format, a control over the pixel
interpretation mode is performed using the value of the tag Photometriclnter-
pretation (0028,0004). This parameter defines how pixel data should be read
and interpreted by the system, distinguishing between several modes such as
MONOCHROME2, MONOCHROMET1, RGB, and others. This verification is
critical for avoiding distortions during image analysis and ensuring that the
deep learning model receives data in the correct format. An additional analysis
is performed on the tag PixelRepresentation (0028,0103), which indicates the
type of numerical representation of pixels, specifying if they must be read as
signed or unsigned. This validation and trasformation process are performed in
check_tensor shape(), its implementation is shown in the Algorithm 3. This
functions make sure about images shape and their fully compatibility with the
model input requirements, avoiding the risk of errors.

To evaluate the performance of our implementation, we trained some exam-
ple U-Net models using two specific datasets in the field of medical imaging.
The first dataset employed is “Brain Tumor Classification (MRI), ” a dataset
containing brain magnetic resonance imaging (MRI) images used for brain tu-
mor classification. The second dataset used is “UW-Madison GI Tract Image
Segmentation 7. This allowed us to recreate two real-world scenarios that a
physician may face during his or her diagnosis and evaluation activities.

The process described so far will output a ROI that will be shown by the
viewer. After a visual evaluation, the clinician can decide whether to validate
or reject the proposed model. The Figure 6.7 shows an example of a proposed
ROI, with the appropriate buttons for managing the prediction.

The DICOM viewer was implent used Python and its PyQT library, it was
designed so that after selecting first study and then series, the instance with
its slices is shown. The display shows two blocks of information at the top.
The left block displays the patient information: PatientName (0010, 0010),
PatientID (0010, 0020), Patient Birth Date (0010, 0030) , Patient Gender
(0010, 0040). The second block displays clinical information: AccessNum-
ber (0008, 0050), InstitutionName(0008, 0080), PhysicalNameReferral (0008,
0090), StudyDate (0008, 0020), StudyDescription (0008, 1030), StudyID (0020,
0010), Studylnstance UID (0020, 000D) and StudyTime (0008, 0030). The cen-
tral body of the viewer will display the image. In this part of the layout are



the “autoplay” and navigation buttons, in addition to the "AI ROI" button,
already mentioned. The interaction between the viewer and the DICOM stan-
dard was developed using the Pydicom library, while the server is an instance
of the DICOM Orthanc® server.

As previously explained, the GUI allows the physician to check the ROIs
offered by the algorithm and decide which of them will be preserved in a

Shttps://www.orthanc-server.com/
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Figure 6.6: Sequence diagram of the ROI prediction scenario


https://www.orthanc-server.com/

Algorithm 2 Network selection algorithm

Require: SliceTagList: list(Modality, SamplePer Pizel, BodyPartExamined, StudyDescription)
> The list of relevant tags from the
> current slice

Require: IODeepList
> The list of all the IODeep instances
> retrieved from the Server PACS
1: if SliceTagList. BodyPartExamined == () then
2 SliceT'agList.remove(BodyPart Exzamined)
3: else
4: SliceTagList.remove(StudyDescription)
5: end if
6: for net in IODeepList do
7 IO0DeepTagList < list(net.Modality, net.SamplePer Pixel,
net.Body Part Examined)
8 control < 0
9: for slice tag,net_tag in (SliceTagList, IO DeepTagList) do

10: if slice_tag == net_tagandnot SliceT'agList.isLast(slice _tag) then

11: control <— control + 1

12: end if

13: if SliceTagList.isLast(slice_tag) and (slice_tag == net_tag or slice tag.substring(net tag)
== True) then

14: control + control + 1

> When using StudyDescription, a pattern search
> is used in place of strict equality on the last tag
15: end if
16: end for
17: if control == 3 then

18: net_sop_uid < net.DnnUID > The SOP UID of the selected IODeep instance
19: return net_sop_uid

20: else

21: net _sop_wid < None

22: end if

23: end for

24: return net_sop_uid

Algorithm 3 ROI prediction algorithm

Require: IPModule > The ImagePixel module of the current slice
Require: FRModule > The FrameOfReference module of the current slice
Require: IODeep > The selected DNN
Require: Backend > The reference to the DNN back-end

1: rois « list()

2: network < parser(IO Deep. DnnArchitecture)
3: check tensor shape(I PM odule,network.input _shape) > tensor shape analysis
4: model + Backend.createNetwork(network) > instance of the network in the DNN back-end
5: model.load (10 Deep. DnnW eights) > loading method of the DNN back-end
6: preds + model.predict(I PModule.pizel Data) > prediction method of the DNN back-end
7: for roi in preds do:
8: slice _id < FRModule.FrameO f Re ferenceUID
9: rois.add(dict(“sliceI D” : slice_id, “polyline” : roi)

> These value will populate the RT Structure Set containing the ROIs
10: end for

11: return rois

DICOM RT Structure Set, a specific construct of the standard that permits
data from virtual instruments/positions to be stored. In addition to the clas-
sical patient information obtained from the IOD, the RT Structure Set will
store frame references and their related ROIs. The values of the “Frame of
Reference” and “ROI Contour” modules will be added to the instance of the
FrameReferenceUID tag (0020, 0052) and the ROIContourSequence tag (3006,
0039).



Figure 6.7: The viewer interface for ROI validation. (a) Predicted ROIs are
displayed and outlined in red. (b) Validated ROIs are outlined in green. [12]

Finally, the validation information will be kept via the "Approval” form,

which will include the tags:

e ApprovalStatus (300E, 0002)
e ReviewDate (300E, 0004)
o ReviewTime (300E, 0005)

e ReviewerName (300E, 0008)

Saving DICOM RT Structure Sets in the Server PACS has the significant
advantage of allowing you to access cases of interest with ROI references with-
out having to recalculate them. The ROI data is stored in DICOM as a list of
polygon points.

6.5 Comparison with the DICOM WG-23 pro-
posal

The DICOM community is actively working on integrating artificial intelligence
algorithms into the standard, and a separate working group has been formed:
the WG-23 "Artificial Intelligence and Application Hosting. The present WG-
23 proposal was submitted in the form of work item”, as is the standard pro-

cedure for working groups to publish their results.

"https://www.dicomstandard.org/workitems
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WG-23 aims to integrate Al utilizing a (micro-)service discovery method
based on the Open Application Model (OAM) 8. In this paradigm, Al appli-
cations are deployed as services that run on a variety of computing infras-
tructures, which may be on the same network as the PACS or in the cloud.
Each application has a "Manifest” in the form of a YAML file that contains
the definition of a task and the information required to execute it. OAM also
defines a “application operator,” which is the infrastructure that actually de-
ploys the application, as well as additional operational information to enable
the so-called "platform” (the PACS infrastructure that uses the services, in our
case to explicitly integrate them into its workflow).

The concept shifts from a monolithic implementation perspective in which
information is completely described according to the DICOM information ar-
chitecture and just a TCP/IP socket connection is required to connect to the
DNN back-end running on the same network as the PACS. In addition to
the privacy and security concerns discussed above, we chose this option for
efficiency reasons. The service ecosystem described by WG-23 is a scalable
solution that requires little implementation effort on the part of the PACS;
nevertheless, it is designed for an inference situation and is not ideal for train-
ing or tuning.

Radiology departments are generally focused on specific diseases due to their
location and the presence of specific medical specialties. As a result, putting
up a network trained using the unique data generated in a specific PACS in-
frastructure looks to be a reasonable extension of the usage of DNNs in Medical
Imaging. Making a dataset available to the DNN’s backend for model training
requires a significant quantity of bandwidth. A service implementation is not
suitable for training and /or tweaking because, in general, a service architecture
is designed to be hosted in a cloud location apart from the applications that
utilize the service. In the model training situation, this causes considerable
latency and privacy difficulties. On the other hand, our system requires only
one data transfer across the department’s internal network, which consumes
very few resources.

IODeep can also be utilized explicitly in this context: a PACS client special-
ized to back-end administration could select a dataset consisting of various sets
of slices and launch the above-mentioned network selection phase, followed by
backend training. Nonetheless, we adapted our implementation in accordance

with the WG-23 work strategy. In this case, the algorithm 2 is remade to

8https://oam.dev/
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give a service discovery REST (Application Programming Interface) API at a
known endpoint of the service design. The PACS platform simply has to know
the URI, and IODeep stores the API call metadata in the service discovery
endpoint. This interaction link the platform to the selected DNN service end-
point. At the service endpoint, the PACS platform contacts the DNN service
API, passing the slice and tensor shape verification information stored in the
indicated IODeep. Finally, the chosen DNN service uses the 3 algorithm. This
service architecture does not need to save network information in the IODeep
architecture since we can assume that all networks have already been estab-
lished in the DNN backend. In our approach, the Server PACS, client, and
REST services all operate in distinct Docker containers which communicate
through a virtual LAN defined in the YAML configuration file. Containers can
be deployed on a single system or across a cluster.

With a vision of real-world application, the developed dicom viewer was
equipped with the ability to require physician validation of the model’s predic-
tions. These are the prerequisites for the application of a principle of “human
in the loop” or better yet “expert in the loop” that allows only the most clin-
ically meaningful ROIs to be stored in RT Structure Set. In an application
scenario, in which a hospital facility manages to create its own IODeep in-
stances for various departments and various types of images, one can imagine
fine tuning over time as new images are acquired to create increasingly robust
and high-performing instances. This is possible provided that the bandwidth
problems of moving data from PACS to the back-end of the DNN are eas-
ily solved. In this regard, a solution that runs entirely in the same LAN is

definitely preferable to a cloud service ecosystem.



Chapter 7

Image Generation

In Chapter 3, one of the main issues negatively affecting the training and
performance of Deep Learning models is the scarcity of data. To overcome this
limitation, data augmentation techniques or generative methodologies are used
that utilise models to create new synthetic data that faithfully reproduces the
statistical and structural characteristics of the real data. The use of Artificial
Intelligence models in the medical field is increasingly moving towards the non-
invasive generation of images, starting from previously acquired images. These
technologies allow us not only to simulate anatomical structures, organs and
physiological processes with a high degree of detail and accuracy, but also to
expand the diagnostic and theranostic potential of traditional medical imaging,
supporting the evolution of modern medicine.

Acquisition techniques such as computerised tomography (CT), magnetic
resonance imaging (MRI) and ultrasound have profoundly transformed the
diagnostic and therapeutic approach to numerous diseases. However, these
methods also have their limitations: CT, for example, exposes the patient to
ionising radiation, with a consequent increase in the long-term risk of cancer.
Furthermore, the need to perform multiple scans to obtain high-resolution
images can generate high costs and increase the psychological and physical
stress on the patient, adversely affecting his/her general state of health.

Diagnostic imaging allows doctors and healthcare professionals to visualise
specific anatomical structures, identify anomalies and pathologies, make early
diagnoses, monitor clinical evolution and plan personalised treatments. All
this happens in a non-invasive way, offering essential support for therapeutic
follow-up, in contexts where clinical observation alone would not be sufficient.

The introduction of advanced Al-based technologies has opened up inno-
vative scenarios, making it possible to generate high-resolution images from

low-resolution scans. This makes it possible to significantly improve diag-
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nostic quality, while reducing the invasiveness of the process and the overall
exposure of the patient, with important benefits in terms of sustainability and
safety.

In light of the clinical and scientific relevance of these developments, we
decided to study in depth the Deep Learning models used to generate syn-
thetic images from pairs of CT and MRI scans. The aim of this analysis is
to contribute to the development of tools that can support radiotherapy dose
planning with greater accuracy, improving the precision of the treatment and
at the same time guaranteeing high safety standards for the patient. The use of
synthetic CT scans (sCT) aims to reduce the dose of patient exposure to ionis-
ing radiation, offering further advantages in terms of safety. In addition, MRI
can provide more detailed images of certain soft tissues than CT, potentially
improving treatment planning. Finally, the aim is to reduce the time, costs
and physical difficulties associated with performing two different scans, both
for patients and healthcare personnel. Another field that benefits greatly from
medical imaging is radiotherapy. This is a therapeutic technique based on the
use of high-energy radiation, such as X-rays, aimed at destroying or slowing
down the proliferation of tumour cells. It can be applied as a stand-alone treat-
ment or combined with other therapies, such as chemotherapy or surgery. A
careful planning of the dose, accompanied by constant monitoring during the
treatment, is essential to maximise its therapeutic effectiveness and minimise
damage to the surrounding healthy tissue. In fact, despite its usefulness, it
can cause some side effects that vary depending on the dose of radiation sup-
plied. Furthermore, several sessions are often required over the course of days
or weeks, depending on the type and size of the tumour, requiring repeated
CT scans.

However, the lack of data is still a limitation, especially in the field of
biomedical data. The search for open-source datasets has shown that the area
most subject to applications is the brain, and consequently the amount of data
is greater than for other anatomical areas.

A state-of-the-art analysis has shown that many of the medical datasets
used in the literature are private, making it more difficult to compare different
approaches. However, what emerges is a prevalence of generative approaches
that favour the cerebral region for training and prediction, as shown in Figure
7.1
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Figure 7.1: barplot chart showing the anatomical regions used in literature.

7.1 Adopted Models

The dataset used in this study is CERMEP-IDB-MRXFDG, described in de-
tail in Chapter 3. In order to reduce the overall number of samples and allow
the model to focus exclusively on slices containing relevant information, slices
devoid of informative content, typically present at the beginning and end of
three-dimensional acquisitions, were eliminated. The 3D volumes were then
divided into slices, treating the problem from a two-dimensional (2D) perspec-
tive. Data leakage [156], i.e. contamination between the training and test
sets with images that have temporal or spatial correlations (as in the case of
video sequences), was prevented by avoiding a random split. For this purpose,
the dataset was divided by extracting a test set composed of 4 samples, equal
to about 10% of the total of 37 patients, to be used exclusively outside the
K-Fold validation procedure. The first model used is Pix2Pix [157], a neural
network belonging to the GAN family. This is characterised by a generator
based on the U-Net architecture, exploiting its ability to maintain consistent
information. The discriminator, on the other hand, exploits the PatchGAN
network that divides the image, real or synthetic, into sub-regions (patches) to
which it assigns a probability of authenticity; the scores obtained in this phase
are then averaged to obtain an overall evaluation of the image. To speed up
the process and reduce the number of parameters, the discriminator performs
the convolution only with the patches; this local approach guarantees a high

level of detail. Figure 7.2 shows the architecture.
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Figure 7.2: Pix2Pix architecture https://www.v7labs.com/blog/generative-
adversarial-networks-guide

The second model utilized is defined in [158|, which provides an innovative
approach for generating computed tomography (CT) images from magnetic
resonance imaging (MRI) without the necessity for paired data. This is es-
pecially useful in clinical contexts where obtaining aligned examinations is
difficult or costly; the method under consideration overcomes this constraint,
and it also takes advantage of the cyclic consistency characteristic of Cycle-
GANSs to force the network to learn a mapping between domains rather than
over images.The model is trained using a loss function, which includes a term
that quantifies the difference between the anatomical contours in the input
MR and the synthetic CT, ensuring the generation of anatomically coherent
structures. Furthermore, it uses segmentation masks of anatomical structures,
if readily available to bind the generator and maintain them. The Figure 7.3,
shows and highlights the distinct parts specified above.

Finally, the third model employed is SynDiff, a hybrid architecture that inte-
grates diffusion-based generative mechanisms with nondiffusion deep learning
components. Diffusion models, recently introduced in the field of medical im-
age synthesis, are known for their ability to generate realistic, high-quality
samples by iteratively refining noise into structured content. However, their
high computational cost and the difficulty of explicitly controlling the gener-
ated structures often limit their stand-alone applicability.

SynDiff addresses this problem by combining the expressive generation ca-

pabilities of diffusion models with the domain-specific structure preservation



Figure 7.3: CycleGAN-+UNet architecture, the generative part produces new
images that are refined in morphological aspects by the convolutional network.

provided by nondiffusion models (e.g., U-Net modules). In the context of this
thesis, SynDiff has been used to synthesize cross-modal medical images (e.g.,
PET from MRI) in an unsupervised context where paired data from different

examinations are not always available.

7.2 Results

In this section, the results obtained on the test set for each fold are reported
in table 7.1, comparing the various architectures.

The comparative analysis shown in the table reveals a clear distinction
between the performance of the three models under consideration. Specifi-
cally, SynDiff demonstrates the best overall performance. The Pix2Pix and
CycleGAN-UNet models show almost identical performance in terms of nu-
merical error metrics, such as RMSE and MSE, suggesting a strong similarity
in the results generated. However, it is important to note that Pix2Pix has
a slight higher SSIM score, showing better local image structure preservation,
even though the overall result is really low. SynDiff has significantly lower
MSE and RMSE values than the other two models, suggesting a lower average
deviation from the target image, even though ME has strongly negative values.
The PSNR is also significantly higher, indicating higher reconstruction qual-
ity in terms of signal-to-noise ratio. An example of the quality of the images
generated by the three architectures is shown in Figure 7.4.

As can be seen from the figure, the CTs generated by SynDiff and Pix2Pix
appear qualitatively acceptable, while the architecture based on CycleGan
+ Unet appears hallucinatory during the generation phase. The proposed
results are not satisfactory in terms of purely numerical evaluation. This could

be motivated by the high difficulty of the task, mainly due to cross-domain



Fold Architecture ME MAE MSE RMSE | PSNR | SSIM
fold1 | Cycle GAN + Unet 1066.9203 1066.9203 1474882.4281 1212.8088 | 34.6662 | 0.0008
fold1 SynDiff -345.6443 496.7377 427681.403 650.5487 | 40.1068 | 0.1242
fold1 Pix2Pix 1058.2399533 | 1058.239953 | 1460600.20697204 | 1206.6720 | 34.7121 | 0.0007
fold2 | Cycle GAN + Unet 1066.9203 1066.9203 1474882.4296 1212.8088 | 34.6662 | 0.0008
fold2 SynDiff -345.8916 497.5934 427501.5513 650.4576 | 40.1074 | 0.1195
fold2 Pix2Pix 1058.2237 1058.2237 1460557.8586 1206.6550 | 34.7122 | 0.0007
fold3 | Cycle GAN + Unet 1066.9203 1066.9203 1474882.3776 1212.8088 | 34.6662 | 0.0008
fold3 SynDiff -345.6407 494.7006 425473.5586 648.9066 | 40.1283 | 0.1247
fold3 Pix2Pix 1058.2191 1058.2191 1460560.943 1206.6562 | 34.7122 | 0.0007
fold4 | Cycle GAN + Unet 1066.9203 1066.9203 1474882.4278 1212.8088 | 34.6662 | 0.0008
fold4 SynDiff -345.6423 495.7491 426315.8 649.5997 | 40.1183 | 0.1244
fold4 Pix2Pix 1058.2397 1058.2397 1460640.368 1206.6892 | 34.7120 | 0.0007
fold5 | Cycle GAN + Unet 1066.9203 1066.9203 1474882.4293 1212.8088 | 34.6662 | 0.0008
fold5 SynDiff -345.6454 496.6046 427575.0488 650.533 | 40.1061 | 0.1366
fold5 Pix2Pix 1058.2269 1058.2269 1460565.691 1206.6583 | 34.7122 | 0.0007

Table 7.1: Quantitative results reporting the values for the chosen metrics
obtained from the 3 architectures at each fold.

generation.

Furthermore, although the models manage to replicate the anatomical struc-

tures and are consistent, the real problem lies in the difficulty in perfectly

learning the distribution of grey values within the image. The latter are often

far from the true value, hence the high value in the metrics evaluating the

difference at the pixel level. However, in evaluations of clinically generated

images, they are essential in order to be able to accurately determine tissue

density.
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Figure 7.4: Example of images generated by the three tested models. From
left to right are the MRI provided as input, the ground truth CT, and the
results obtained by Pix2Pix, SynDiff, and CycleGan-Unet.



Chapter 8

Few Shot Segmentation

As already introduced in the Chapter 1, the performance of deep learning
models is highly dependent on the quantity and quality of the available data.
This is particularly relevant in semantic segmentation tasks, where the model
has to make decisions at the level of a single pixel and, thus, requires a very
strong discriminative capacity. However, in fields such as the biomedical sec-
tor, the availability of annotated data is often extremely limited. The main
causes are the shortage of experts for annotation, the variability in acquisition
protocols, and the difficulty in accessing data on rare diseases. To address
this challenge, the Few-Shot Segmentation (FSS) paradigm has been proposed
in recent years. This approach makes it possible to train models capable of
generalising to new, unseen classes using only a few annotated examples. The
goal is no longer to learn a segmentation for every possible class, but to learn
how to segment: that is, to learn a rapid adaptation mechanism that uses a
few images as support to generate the mask on a new query image.

Formally, the problem can be defined as the prediction of a mask Mq for a
subject in class ¢ in a query image I, given a support set .S that contains k

image-mask pairs for that class. It can be summarised by equation 8.1.

Se = {(Ie, M)}y (8.1)

The final objective of F'SS training according to the above paradigm can be

formalised as in the equation 8.2.

Mq = fo(Se, 1y) (82)

In this scenario, the number of k is fundamental because it indicates the
number of samples available for a class in an iteration. To compensate for the

lack of data, techniques such as episodic learning or transfer learning can be

118



used to optimise the models’ ability to satisfy new segmentation requests.
In this chapter, we will describe in detail the implemented few-shot learning
method.

8.1 Proposed Architecture

In the proposed implementation, benchmark datasets for few shots were used.
Among these is FSS-1000, used for the creation of tasks in an episodic learning
approach based on meta-training; as already described in section 2.4, this type
of F'SS proposes to use a pre-trained model to segment new classes using a
limited number of samples. For the meta-testing phase, ISIC-2018, DeepGlobe,
Chest X-Ray were used; these datasets were selected to intensively evaluate
the cross-domain performance of the proposed algorithm.

The choice of the Seq2Seq architecturem shown in Figure 8.1, for segmenta-
tion arises from the desire to treat the task as a structural translation problem,
where the input (query image) is interpreted on the basis of a context (support
image) in a similar way as in translation between languages. This approach
allows the use of attention forms to explicitly relate salient regions between

support and query.

-

ENCODER DECODER
ENCODER DECODER

ENCODER

ENCODER

Figure 8.1: Sequence to Sequence architecture

The starting architecture includes an encoder based on a ResNet-50 back-
bone pre-trained on ImageNet1K, which is used for feature extraction from
support and query images. Furthermore, the choice of ResNet-50 as a back-
bone is motivated by its proven ability to generalise to different domains and
its compatibility with the few-shot training paradigm via multi-level feature
extraction. The encoder, according to the F'SS paradigm, will be used to pro-
cess first the Support image and then the Query image. This phase allows

information to be obtained from the two different images. Each feature map



obtained as output for the support and query images during the feed-forward
phase is stored in two separate lists: Fj for the support image and @); for the
query image, in order to keep this information extracted from the different
layers. In this way, only the last element of the query is selected, denoted as
Qn = Q;[—1], which will be used to iteratively calculate the similarity with the
other feature maps (stored in F;). During each iteration, the masked average

pooling is calculated as follows

F; « Mask
k
Once the encoding phase is completed, the second region of the architec-

(8.3)

masked__features; =

ture, used for decoding, applies a self-attention operation to the Qn element

identified at the i-th iteration, according to the formula 8.4.

qg* k"
NG ) (8.4)

The output produced using this method is normalised and concatenated

Attention(q, k,v) = softmax(

with the original vector, to produce an enriched representation. This vector
is then used as a query within a cross-attention mechanism, together with the
features
{F}ia

of the support. The use of attention-based strategies to fuse information be-
tween support and query was preferred to simple chaining, as it allows the
model to assign different weights to the various regions of the image, facilitat-
ing the identification and improved learning of the most relevant areas for the
target class. The aim of these operations is to emphasise the most relevant
components of the query, in order to identify significant correspondences with
the support, isolating those that are most distinctive for the target class.

The process is then repeated iteratively on all the various levels of the sup-
port, from the output of the last level to the input of the first: in this way,
the information is navigated, starting from more abstract semantic represen-
tations and progressively moving towards more detailed spatial information.
This strategy allows for more precise segmentation masks, combining both se-
mantics and low-level information. The decoding operations described above

can be formalised as follows and can be represented as described in Figure 8.2.



Self-Attention

Figure 8.2: Decoder Block used in the architecture

Qan = Norm(Self-Attention(Qy))

Qan = Qn + Qan
(8.5)

Output = Norm(Cross-Attention(Q ay, F;)

Output = Q an + Output

Furthermore, convolutions or upsampling operations are carried out inside
the decoders to maintain consistency in dimensions. An example of the decod-
ing block is shown in Figure 8.2.

At the end of the decoder chain, a classic convolutional block is used to
obtain the desired size and number of channels.

Figure 8.3 shows the entire FSS architecture developed and used in the

proposed research activity.

8.2 Results

The results obtained from the model are reported in this section. The architec-
ture has proven to perform well on tasks where the objects to be segmented fall
within well-defined and consistent image regions. Specifically, table 8.1 shows
the Dice Score calculated on the ISIC, Chest X-ray and DeepGlobe datasets
using a support sample number of £ = 5.

As can be seen, the results do not reach values comparable to the classic

segmentation approaches but despite this evidence, the qualitative analysis of



Support >

Query

Figure 8.3: overview of the proposed architecture

Dataset | Avg DICE | k

Chest-Xray 0.5753 )
ISIC18 0.4072 5

DeepGlobe 0.07283 5

Table 8.1: Table shows the results obtained on the various datasets, considering
k=5 and meta-training on FSS-100 (760 classes).

the generated segmentation masks is still promising. Actually, as previously
mentioned, if the region to be segmented remains consistent between the var-
ious supporting images, as in the case of the Chest x-ray dataset (see Figure
8.4), the segmentation is correct.

In contrast, as observed on DeepGlobe, when feature-rich images are con-
tained in the dataset where the distribution of objects is not consistent be-
tween the various images, the limits of the proposed approach appear. Figure
8.5 shows an example of the mask predicted on DeepGlobe.

The results obtained reveal the preliminary nature of the presented archi-
tecture, however not yet comparable to the state of the art, while offering op-
timism for its future evolution. One of the potential structural improvements
might be the use of FSS paradigms based on many prototypes. These would
enable more accurate local discrimination of the various attributes for each in-
stance inside structurally harder images. This focus on selectivity would favor a
more granular study, simplifying self-attention and cross-attention procedures
while also overcoming previous limitations. The evolution will undoubtedly

focus on cross-feature extraction in order to create an embedding to identify



Ground Truth

Figure 8.4: An example of prediction over Chest X-Ray dataset.

matches between the support and query sets. The problem remains under
investigation, and researchers are testing new backbone architectures to see if
approaches based on backbone Transformers or foundation models are able to

produce deeper relationships.



Ground Truth

Figure 8.5: An example of prediction over DeepGlobe dataset



Chapter 9

Conclusion

Artificial intelligence applications are becoming progressively more relevant to-
day and, thanks to the emergent LLMs, they are increasingly being used. This
accessibility and availability to everyone is causing an uncontrolled growth
in the resources needed to sustain their functionality. This issue is becoming
increasingly concrete and has motivated my research activity during this three-
year period. In fact, I have focused my work on designing and implementing
lightweight models that combine predictive effectiveness, computational effi-
ciency and energy sustainability, with a particular interest in practical appli-
cations within the biomedical domain. The research has shown that classic
training techniques can be replaced or reformulated to maintain the desired
performance. In fact, by using optimisation techniques, the training or infer-
ence phases can be lightened, leading to savings in terms of resources used.
This results in lower energy consumption and reduced emissions into the at-
mosphere.

In fact, as discussed in the chapter on Learn&Drop and the development
of Few-parameter Architecture (FPA), it has been demonstrated that in clas-
sification and segmentation tasks, the results obtained on the datasets tested
respect the minimum performance requirements, despite the reduction in train-
able parameters. This result is promising, especially considering that the FPA
architecture has fewer than 150k parameters. In addition, lighter models,
when properly optimised, can achieve competitive performance compared to
more complex solutions, while maintaining greater computational efficiency.
This makes such models particularly suitable for integration in real clinical
contexts, including those with limited resources, or in edge/point-of-care sce-
narios, where fast processing and low energy consumption are key elements.

As already mentioned, the research activity has been focused on the med-

ical domain, addressing the issues that such a "sensitive" field presents. In
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this context, the development of Artificial Intelligence systems that integrate
directly within the DICOM Standard was the first topic addressed. IODeep is
the data structure that integrates Deep Learning algorithms into Clients PACS
in a compliant way, enabling the development of automated diagnostic solu-
tions that support doctors in the patient analysis and evaluation phase. This
result is a major step forward for secure data processing, ensuring privacy for
cutting-edge precision medicine applications. Continuing in the medical field,
during my research at the Ri.MED foundation, my work addressed the issue of
data scarcity. In fact, in the medical field, due to the privacy issues mentioned
above, labelled datasets (both for classification and segmentation) are lacking.
To overcome this problem, the issue of cross-domain image generation was ad-
dressed. Specifically, three state-of-the-art deep neural architectures (Pix2Pix,
CycleGan-Unet and SynDiff) were implemented with the aim of generating
sCT from MRI scans. Cross-domain generation is one of the most complex
tasks, especially in a domain where the fidelity of the generated images must
be absolute. The results obtained are not optimal and certainly do not achieve
the desired outcome. Despite this, the use of diffusion models, such as Syn-
Diff, is the best and certainly the most viable way to generate sCT effectively
and reliably, reducing patients’ exposure to ionising radiation. Finally, during
the research period at Keele University, the problem of labelled data scarcity
was addressed by changing point of view. During this period, the develop-
ment of Few-shot Segmentation (FSS) architecture was the main focus. Using
meta-learning paradigms, an encoder-decoder architecture was created that
combined the characteristics of this type of learning to correctly solve segmen-
tation tasks. The results obtained from the experimental phase show that the
proposed architecture, still in its preliminary version, and on 5-shot segmen-
tation tasks on feature-rich image datasets, does not perform very well, as in
the case of DeepGlobe.

Main Contributions and Results The thesis addressed various issues in
the field of artificial intelligence applied to the biomedical context, with a
focus on computational efficiency and sustainability. The main contributions

are summarised below:

e Learn&Drop and Few-Parameter Architecture (FPA), Optimi-
sation techniques and architectural solutions have been proposed that
allow a significant reduction in the number of parameters in deep learn-

ing models. In particular, the FPA (Few-Parameter Architecture) is de-



signed to maintain competitive performance while having less than 150k
parameters. This allows these models to be used in resource-limited en-
vironments, such as edge devices or peripheral clinical settings, while

reducing energy consumption and environmental impact.

e IODeep and Integration into the DICOM Standard, IODeep, a
DICOM-compliant data structure designed to integrate deep learning
algorithms within hospital PACS servers, was developed. This solution
enables the development of automated diagnostic support systems that
operate locally, preserving patient privacy and respecting the security

and compliance constraints of the hospital infrastructure.

e Cross-domain Image Generation (sCT from MRI), comparing
state-of-the-art generative models, despite the produced images seems
good but not enough to be used in real medical application, but will

contributing to reduced to the patients ionic radiation.

e Few-shot Segmentation (FSS), A segmentation framework based on
meta-learning was developed, designed to operate in contexts with scarce
labelled data. The proposed encoder-decoder architecture is still at a
preliminary stage, but results on complex datasets (such as DeepGlobe)
indicate that, while requiring improvement, the approach is valid and

promising for low-data scenarios.

Future Directions Based on the obtained data, numerous prospective en-
hancements that could reinforce and expand the proposed work have arisen.

For example:

o Improvement of the FPA architecture: with the aim of obtaining more
precise ROI masks that can also be used as a backbone for more complex

or multitask models.

e Expansion of the functionality of I0Deep: including the possibility of
fine-tuning or training directly within the hospital infrastructure, thus
ensuring greater adaptability to local data and autonomous model man-

agement.

o Optimisation of the FSS architecture: in order to resolve the current
limitations that emerged in experimental tests, improving generalisation
to complex datasets through the introduction of attention mechanisms

or transformer-based components.



e Development of hybrid pipelines for cross-domain generation: combin-
ing supervised and unsupervised approaches with diffusion models, to
increase the morphological fidelity and semantic coherence of synthetic

images.

o Quantitative analysis of the energy impact: evaluating the computational
effort of the various proposed architectures, in order to guide future de-

sign choices in a sustainable Al perspective.
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