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Abstract

The purpose of this Ph.D. thesis is to illustrate the research works carried out during the
conceptualization, design, implementation, and evaluation of novel Clinical Decision Support
Systems (CDSSs) based on Radiomics, Pathomics and Deep Learning (DL) techniques.

CDSSs can be effective systems for implementing Precision Medicine into clinical
practice since they permit the objective and repeatable evaluation of patients. Precision
Medicine can enable the improvement of the healthcare system by employing a personal
healthcare process for the health status of an individual patient, which evolves in a unique
way.

The methodologies concerning CDSSs were developed with different underlying goals:
improvement of the clinical results, availability and usability of the method, and feasibility
of the integration into the routine clinical practice. The applications considered span from
Radiology to Digital Pathology. Tasks under consideration in Medical Imaging applications,
from a computer vision perspective, concerned object detection, instance segmentation,
semantic segmentation, color normalization, and characterization and classification of regions
of interest. Data under consideration were either provided by local hospitals or obtained from
public repositories. Validation of the developed systems has been done in accordance with
the physicians. Moreover, the explainability of the realized systems has been investigated, by
analyzing features’ structure or by means of perceptive saliency maps.

In the aforementioned scenario, the main purpose of this thesis is to develop new systems
based on Deep Learning, Radiomics and Pathomics for the processing and analysis of medical
images. Computational Imaging is a promising methodology to incorporate in the framework
of Precision Medicine. Indeed, it creates the possibility to characterize the lesions in large
datasets of images belonging to Radiology and Digital Pathology domains in an effective
way, offering a personalized evaluation of the patient.

Merits and shortcomings regarding DL in the field of Medical Imaging have been investi-
gated for applications in Radiology and Digital Pathology. Technical contributions include
devising novel algorithms, improving existing workflows, and assembling complex CDSSs

by combining in an original and effective way different techniques proposed in the literature.
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In the Radiology domain, the following tasks have been tackled for what concerns ap-
plications related to Image-guided Surgery (IGS): liver segmentation, including also the
classification into anatomical segments; vertebrae segmentation and identification; prostate
segmentation and registration for image fusion. Radiomics has been exploited for charac-
terizing lung lesions in COVID-19 patients, in order to discover a prognostic signature for
those with a higher risk of developing pulmonary thromboembolism.

With regard to Digital Pathology, applications included colorectal cancer (CRC) tissue
classification; hematoxylin and eosin (H&E) stain color normalization; nuclei segmentation
and detection; glomeruli lesions classifications according to Oxford score for IgA nephropa-
thy patients. These automatic pipelines for histological data analysis can enable Pathomics,
allowing the objective quantification and evaluation of tissue patterns.

The developed solutions in all these scenarios were put in comparison with state-of-the-art
approaches proposed in the literature, and were validated with physicians when possible. In
many cases, data have also been collected from local institutions.

This thesis work is organized into five chapters. Chapter 1 introduces the objective and
the technical contribution of the thesis. Chapter 2 describes the state-of-the-art in all the
considered clinical scenarios, with a particular focus on Radiology and Digital Pathology,
encompassing emerging trends such as Radiomics and Pathomics. Chapter 3 describes the
contributions proposed in the Radiology field. In particular, IGS applications concern liver
segmentation and classification into segments, vertebrae segmentation and identification, and
prostate segmentation and registration. Also, a Radiomics-based analysis of lung lesions
of patients diagnosed with COVID-19 is presented. Chapter 4 presents the contributions
proposed in the field of Digital Pathology, concerning tissue segmentation, normalization
and classification, and detection of objects of interest, such as nuclei of cells. Lastly, final

remarks and considerations for future works are drawn in Chapter 5.
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Chapter 1
Introduction

The term Precision Medicine refers to the possibility of improving the healthcare system
by applying an individual healthcare process for the health status of each individual patient,
which has a unique evolution. In order to accomplish this task, many scientific disciplines,
ranging from drug discovery to imaging to genomics, are exploited to realize a rigorous
data-driven decision-making process [1]. Konig et al. [2] defined Precision Medicine as a
cyclic process, in which patient data are exploited to realize models which are relevant from
a clinical perspective.

In the last years, technological advancement and the increasing availability of clinical
images, signals, and data have led to the possibility of pairing the traditional evaluation
made by specialists with Clinical Decision Support Systems (CDSSs). A CDSS is a software
system with the purpose to empower the medical decision-making process by exploiting
clinical knowledge, health and patient information [3]. CDSSs can be effective systems to
bring Precision Medicine into clinical practice, by allowing the objective and repeatable
assessment of patients.

According to Shortliffe et al. [4], in order to employ a CDSS in the clinical practice,
designers should consider different requirements and capabilities: (i) a CDSS should not
work as a black box, the operator needs to have insights on the mechanisms underlying
computer decisions; (ii) a CDSS should be efficient from a time complexity perspective, in
order to make it feasible the adoption in busy clinical environments; (iii) a CDSS should
be simple to use, without requiring too much time for specialized training; (iv) a CDSS
should solve problems which are relevant to the real-world clinical practice; (v) a CDSS
should not replace the clinicians, but aid them in their decision-making process, by providing

objective evaluations; (vi) a CDSS should be sound from a scientific perspective, therefore



reproducibility, usability, safety, and reliability must be enforced through rigorous scientific
research.

Medical Imaging is taking an increasingly important role in the medical practice since it
can improve the processes involved in the diagnosis, treatment, and follow-up of patients.
The effectiveness of Medical Image Analysis has a pivotal role in the integration of Precision
Medicine into clinical practice. Indeed, Medical Imaging can help to portray not only the
anatomy of the patient but also the physiology and metabolism, thus enabling patient-specific
procedures and therapies [5].

Computational Imaging has a long history for medical applications, as cell biology [6].
However, only with emerging paradigms, starting from the last decade, imaging has become
an effective tool to realize advanced CDSSs, that can really enable Precision Medicine. The
most important trends for CDSSs based on Computational Imaging include Deep Learning
(DL) [7], Radiomics [8] and Pathomics [9].

DL is very appreciated in this context, especially because it offers the possibility to learn
hierarchical feature representations only from the data, instead of making an expensive design
of handcrafted features based on domain-specific knowledge. Radiomics and Pathomics
refer to the processing of a large number of quantitative features (either handcrafted or deep)
extracted from medical images and are revolutionizing the radiologists’ and pathologists’
workflows, respectively.

Tumors and lesions show strong phenotypic differences which can be visualized in a non-
invasive way through Medical Imaging techniques. Radiomics is an increasingly growing
paradigm that consists of the extraction of a large number of quantitative features from
images with the purpose to obtain a global quantification of phenotypes of lesioned regions,
allowing to unveil and quantitatively describe tumor patterns and characteristics [10-12].
Radiomic features give information about gray-level patterns and inter-pixel relationships.
Moreover, spectral and shape properties can be extracted from the same regions of interest.
These features can be further exploited to realize computational models based on advanced
Machine Learning techniques so that they can be used for diagnosis, prognosis, and treatment
guide [8, 13, 14].

In the context of histopathological Whole Slide Images (WSIs) examination, Pathomics
is surging in the last years as a powerful tool to unveil characteristics from tissue samples.
Pathomics refer to the data which can be extracted from image analyses to obtain quantitative
features that can characterize phenotypic features of tissue samples in WSIs [9]. Pipelines
for WSI image analysis involve several steps, usually comprising detection, segmentation,

and classification. CDSSs in this domain can complement the classical histopathological
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examination carried out by expert pathologists with quantitative features that are correlated
with different phenotypic characteristics [9].

Deep Learning belongs to a broader family of Machine Learning methods based on
Artificial Neural Networks (ANNs). DL involves the adoption of computational models with
multiple layers which can realize hierarchical feature extraction and processing from raw
data, allowing to obtain state-of-the-art results in such fields where it is challenging to design
handcrafted algorithms, such as visual object recognition and speech recognition [15].

The awareness of the opportunities granted by a wise adoption of Convolutional Neural
Networks (CNNs) might have pivotal importance in diagnostic radiology, allowing incre-
menting radiologists’ performances and improving patients’ care [16]. Small sample sizes
can have a detrimental effect on CNN models, but generative models, and in particular
Generative Adversarial Networks (GANSs), can be exploited to mitigate this issue [17].

The exploitation of hierarchical data representations learned with Deep Learning models
applied to histopathological images might aid in accomplishing tasks such as segmentation or
detection of objects of interest [18, 19], tissue classification [20], tissue color normalization
[21], nuclei segmentation and detection [22, 23], predictions of genomic patterns [24] and

survival analysis [25].

1.1 Objective and Research Question

In the last decade, Deep Learning techniques have revolutionized the field of computer
vision, starting from the milestone work of Krizhevsky et al. [26]. Soon, the biomedical
engineering field benefited from such approaches, which allowed the implementation of
accurate and fast systems for Clinical Decision Support [7], Computer-Aided Diagnosis
(CAD), and Image-guided Surgery (IGS) [27] relying on CNNs models [16], Transformers
[28], or GANs [29].

Despite the dramatic improvements carried out by these new models in the CDSSs
field, there are still questions to be addressed. Testing in the clinical practice needs to be
extended, in order to tackle problems linked to data heterogeneity. Indeed, data coming
from different hospitals or laboratories can have inherent differences that can lead to biased
models [30]. Furthermore, those systems are often considered black-boxes, which can hinder
their deployment in the healthcare system. To create a trust for the physicians so that they
can use CDSSs in the routine practice, Explainable Artificial Intelligence (XAI) techniques
come in handy [31]. Moreover, also patients have the right to know the dynamics underlying

evaluations performed by Deep Learning-based CDSS. For what concerns legislation, the
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EU General Data Protection Regulation (GDPR), with Articles 13 and 14, decree that when
data subjects are profiled, and this concept also applies to the medical field, they have a right
to “meaningful information about the logic involved” [32].

Based on the prior discussion concerning opportunities and difficulties of Deep Learning-
based systems for clinical practice, the main objective of the research conducted for this thesis
has regarded the conceptualization, development, and implementation of CDSS workflows
to advance the state-of-the-art in this field. The pipelines were developed with different
underlying goals: improvement of the clinical results, availability and usability of the method,
and feasibility of the integration into the routine clinical practice. Moreover, the systems
have been made simple to use, and when possible, explainability has been investigated.

The applications considered span from Radiology to Digital Pathology. Tasks under con-
sideration in Medical Imaging applications, from a computer vision perspective, concerned
object detection, instance segmentation, semantic segmentation, color normalization, and
characterization and classification of regions of interest. Data under consideration were either
provided by local hospitals or obtained from public repositories. Validation of the developed

systems has been done in accordance with the physicians.

1.2 Contribution

In the aforementioned scenario, the main purpose of this thesis is to develop new systems
based on Deep Learning, Radiomics and Pathomics for the processing and analysis of medical
images [16, 22, 33, 34]. Merits and shortcomings regarding these techniques in the field of
Medical Imaging have been investigated for applications concerning Radiology and Digital
Pathology.

Technical contributions include the development of novel algorithms to tackle clinically
relevant tasks, the improvement of existing pipelines and methodologies, the statistical
analysis of newly collected medical data, and the construction of CDSSs that originally and
effectively combine different existing techniques. Overall, the CDSSs and Computational
Imaging-based systems developed throughout this thesis have applications that span a wide
range of clinical scenarios.

In the Radiology domain, the following tasks have been tackled for what concerns appli-
cations related to IGS: liver segmentation, including also the classification into anatomical
segments [35]; vertebrae segmentation and identification [36]; prostate segmentation and

registration for image fusion [33]. Radiomics has been exploited for characterizing lung
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lesions in COVID-19 patients, in order to discover a prognostic signature for those with a
higher risk of developing pulmonary thromboembolism [37].

Concerning Digital Pathology, applications covered colorectal cancer (CRC) tissue clas-
sification [20]; hematoxylin and eosin (H&E) stain color normalization; nuclei segmentation
and detection [22]; glomeruli lesions classifications.

The developed solutions in all these scenarios were put in comparison with the state-of-
the-art approaches proposed in the literature and validated with physicians when possible.
Also, XAl techniques have been considered to understand the mechanisms underlying the
developed systems, either by analyzing the features’ structure or with perceptive saliency

maps.

1.3 Thesis Outline

This thesis work is organized into five chapters. This chapter introduces the objective and the
technical contribution of the thesis. Chapter 2 describes the state-of-the-art in all considered
clinical scenarios, with a particular focus on Radiology and Digital Pathology, encompassing
emerging trends such as Radiomics and Pathomics. A significant consideration is also
reserved for Deep Learning methodologies. Chapter 3 describes the contributions proposed
in the Radiology field, including liver segmentation and classification into segments, vertebrae
segmentation and identification, prostate segmentation and registration for IGS applications,
and the Radiomics approach for COVID-19 lung lesions characterization. Chapter 4 presents
the contributions proposed in the field of Digital Pathology, concerning tissue segmentation,
normalization, and classification. Lastly, final remarks and considerations for future works

are drawn in Chapter 5.



Chapter 2

State of the art

2.1 Deep Learning

Inside the realm of Machine Learning methods founded on ANNs, primary importance is
given to Deep Learning methods. These techniques involve the exploitation of computational
models that, through multiple levels of abstraction, can be used for the processing of raw data.
In fields such as computer vision and speech recognition, where it is infeasible or difficult to
design handcrafted features, the potentialities of Deep Learning, which allows the learning
of hierarchical features in an end-to-end process, are particularly appreciable [15].

The most well-known Deep Learning architectures, as Convolutional Neural Networks
[38], Autoencoders, Deep Belief Networks and Restricted Boltzmann Machines, have been
recognized advantageous in a broad spectrum of applications of big data analysis: pattern
recognition, natural language processing, computer vision, and recommender systems [39,
40].

Starting from the last decade, a colossal quantity of literature have developed concerning
the design and implementation of classifiers based on DL for natural image processing
[26, 41-48]. Even though these efforts are very appreciable and have led to a substantial
progress in the imaging field, a lot of work has still to be carried out for generalizing these
models for medical imaging applications.

In recent years, DL techniques are becoming predominant in the whole medical image
analysis field, for tasks that comprises of registration, image generation, image enhancement,
retrieval, detection, segmentation, and classification. Applications concern almost all areas in
the medical domain: neuro, ophthalmic, breast, cardiac, abdominal, musculoskeletal among
others [49].
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In the diagnostic radiology domain, a wise exploitation of proper DL. models, as CNNs,
can lead to an improvement in the radiologists’ performances and patients’ care. Sadly, most
models developed in this context suffer from issues as small training and validation cohorts,
likely leading to overfitting or biased models [17].

For what concerns systems aimed at improving pathologists’ workflow, the main issues
to take into consideration include differenes in fixation, staining, and sectioning of the
whole slide images [50]. Moreover, only a small number of labeled images is available for
developing CDSS in the Digital Pathology domain. Commonly used DL architectures require
pixel-level (semantic segmentation tasks) or patch-level (classification tasks) annotations,
but in the majority of cases only WSI-level annotations are available [51]. Only expert
pathologists can provide accurate annotations for these images, thus further increasing time
and costs for the development [52].

In the following of this section, Deep Learning methodologies, targeted at the devel-
opment of CDSSs enabling Precision Medicine, are presented and analyzed. Section 2.1.1
details CNN models employed for image classification tasks. Section 2.1.2 introduces archi-
tectures devoted into semantic segmentation, that is the task of performing a classification at
pixel-wise or voxel-wise level. A special focus is given to encoder-decoder architectures,
since they achieved a large success in medical applications. Section 2.1.3 briefly discusses
CNN architectures which can be used for object detection and instance segmentation. Section
2.1.4 explicates Generative Adversarial Network setups, that, for instance, can be exploited
for image segmentation and data augmentation. Section 2.1.5 summarizes the emerging
paradigm of Self-Supervised Learning (SSL), which is a powerful methodology for learn-
ing representations useful for the handling of downstream tasks starting by unlabeled data.
Section 2.1.6 surveys Conditional Random Fields (CRFs) and their relationship with DL,
since they are often exploited for post-processing stages of semantic segmentation architec-
tures. Section 2.1.7 presents the main quality measures which are used in the assessment
of detection, segmentation, classification and normalization tasks. Section 2.1.8 presents
explainability and interpretability techniques which come in handy for understanding how

deep models work under the hood.

2.1.1 Classification

CNNs have a pivotal importance in several tasks related to pattern recognition. A lot of
literature has developed around the problem of realizing effective CNN image classifiers
[26, 4143, 46, 48, 53, 54].
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In the realm of histopathological imaging, applications encompass segmentation and
detection of glomeruli from kidney biopsies [18, 19], breast biopsy H&E images classification
[55], and CRC tissue multi-class classification [20]. For what concerns processing of
radiographic images, applications include liver vessels segmentation [56], liver segments
classification [35], and COVID-19 lung and lesions segmentation [37].

Transfer learning allows to mitigate the huge need for data required when training
deep CNNs. A comprehensive survey of the transfer learning paradigm, which consists in
exploiting data that can be easier collected than the data of the problem under investigation,
can be found in [57], whereas one concerning deep transfer learning is [58]. In histopathology,
there is a tendency in adopting models pre-trained on ImageNet as feature extractors, as
reported by numerous studies in literature [20, 24, 59-63]. Although histopathological tiles
look dissimilar from everyday life pictures, there are common basic structures that are shared,
i.e. arcs and edges [52]. Since the first layers of CNNs seize this kind of elementary patterns,
deep transfer learning can be exploited also for Digital Pathology images.

Commonly used CNN models to perform feature extraction or end-to-end classification
are described in the remainder of this Section.

GoogleNet, also known as Inception-v1, proposed by Szegedy et al. [43], introduced
the inception module, that contains convolutional blocks which are executed in parallel;
subsequent versions include Inception-v2 and Inception-v3 [64], which are iterative im-
provements over, and exploit techniques as factorization methods for convolutions and tricks
for the exploitation of auxiliary classifiers.

ResNet, proposed by He et al. [54], introduced a deep CNN with 152 layers. The stem
idea lying inside is the adoption of skip connections, i. e. the signal entering into a layer
is also summed to the output of a higher-level layer. This enables residual learning, that is
modelling f(x) = h(x) — x rather than simply the target function %(x), thus obtaining a huge
speed gain in the training phase.

DenseNet, proposed by Huang et al. [65], is a model in which, for every layer, the
feature maps of all preceding layers are used as input into the subsequent layers using the
concatenation operation.

SqueezeNet, proposed by landola et al. [66], is a model used in systems that have low
computational power. The low dimensionality of this model can result in lower accuracy,
which is not desirable in medical tasks, but it also leads to reducing the risk of overfitting

and hence a better generalization capability in scenarios with low data available.
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2.1.2 Semantic Segmentation

Semantic segmentation refers to the process of labeling every pixel of an input image in
semantic meaningful classes, without distinguishing between different object instances. Nu-
merous challenges have to be tackled for solving this task, but a large number of applications
can benefit from such a paradigm. A not exhaustive list comprises of human-computer
interaction, robotics, agriculture, medical research, and autonomous vehicles [67]. Surveys
with definitions, methodologies, techniques, datasets, and applications have been realized in
literature [67—69].

The semantic segmentation framework is equivalent to solve an image-to-image conver-
sion problem, where the input image is the source image, and the output image is a map in
which every pixel has an intensity which is associated to a meaningful semantic class. In
order to accomplish this conversion process, most architectures have an encoder-decoder
structure. Feature extraction is carried out by the encoder, reducing the spatial dimensions
while enlarging the depth (i.e., the number of feature maps). On the other side, the goal
of retrieving the spatial information from the output of the encoder is given to the decoder.
Popular architectures embracing the encoder-decoder paradigm include SegNet [70], V-Net
[71], U-Net [72], U-Net 3D [73], and Y-Net [74].

Long et al. [75] were the first to introduce the idea of directly adopting CNN for
semantic segmentation tasks, with the Fully Convolutional Network (FCN). In their milestone
paper, they proved that existing state-of-the-art in the context of semantic segmentation was
outperformed by CNNs trained end-to-end for pixelwise classification. The idea behind
FCN is that of altering the backbone architecture of existing CNNs (like those employed for
classification tasks), so that they can process input of variable size and return consistently-
sized output, assuring an efficient mechanism for learning and inference.

The realm of architectures for semantic segmentation is not limited to encoder-decoder
structures. Novel ideas include Atrous convolution [76] and Atrous Spatial Pooling [77], as

implemented in the latest versions of DeepLab models [76, 78—80].

2.1.2.1 Encoder-decoder Architectures

Badrinarayanan et al. developed a semantic segmentation model founded on the encoder-
decoder paradigm [70]. Convolutional and max-pooling layers are the building blocks of
the encoding stage, taking advantage of 13 layers from the VGG-16 [41]. The upsampling
process of SegNet, carried out in the decoding stage, exploits the max-pooling indices stored

from the encoder. This procedure is referred to as max-unpooling. Convolutional layers of
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the decoder are placed symmetrically with respect to those of the encoder. In order to predict
the semantic output class, a K-class softmax classifier is placed as last layer.

Ronneberger et al. proposed the U-Net, a popular semantic segmentation network tailored
at biomedical image segmentation, at MICCAI (Medical Imaging Computing and Computer
Assisted Intervention) conference in 2015 [72]. In analogy to the SegNet model, U-Net
employs an encoder-decoder paradigm. Instead of implementing max-unpooling, the decoder
path takes advantage of transposed convolution layers, that allow a learning process for the
upsampling of feature maps. A fundamental improvement offered by the U-Net architecture
is the introduction of skip connection between the layers of the encoder and the decoder,
enabling to retain the information concerning localization during the whole learning process.
At the end, feature maps’ depth is converted to the opportune number of classes through a 1
x 1 convolution layer.

Cicek et al. proposed a natural extension of the U-Net architecture to 3D medical image
processing [73]. Given its success and popularity, an enormous number of variants of the
base U-Net architecture have been proposed in the last years [71, 73, 74, 81-88]. Literature
reviews have become necessary to keep track of the state-of-the-art concerning U-shaped
architectures [89].

Metha et al. introduced the Y-Net model, which can be thought of as a generalization
of the U-Net architecture since it adds a parallel branch that enables discriminative map
generation. Considering that it also supports convolutional block modularity, the user can
tune the efficiency of the method without architectural modifications [74].

Milletari et al. conceived V-Net, another popular variation of U-Net, tailored at 3D
medical image segmentation tasks [71]. This model replaces the max-pooling layers exploited
during downsampling with down-convolutions, namely convolutions with stride 2 x 2 x 2
and kernel-size 2 x 2 x 2. Moreover, PReLu [45] activations are exploited for introducing
non-linearities, and residual connections are employed also inside the encoding and the
decoding paths. Batch-Normalization (BN) layers after convolutional layers have been added
in later works to ease the learning process [86].

Figure 2.1 depicts a graphical comparison between the peculiarities of the considered

encoder-decoder models.

2.1.3 Object Detection

Object detection is a computer vision task which consists in determining all the the bounding

boxes for the objects of interest which appear in the image. Instance segmentation further
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Fig. 2.1 Encoder-decoder architectures: a graphical comparison. (a) U-Net-like archi-
tectures: note the presence of skip connections across encoding and decoding paths. (b)
V-Net-like architectures: notice the occurrence of skip connections also inside compression
and expansion paths. (c) Y-Net-like architectures: acknowledge the existence of an additional
compression path for the classifying instances. I denotes the original image to be processed,
P the predicted segmentation mask, C the (classification) output of the bottom branch of
Y-Net.

extends this task, enabling to retrieve refined segmentation masks for the objects under
consideration.

Region-Based Convolutional Neural Network (R-CNN) denotes a family of architectures
designed for two-stage object detection. Girshick et al. conceived the original model in
2014 [90], which combines region proposals and CNNs with the aim of achieving object
detection. In the first stage, R-CNN generates category-agnostic region proposals which are
candidates for containing objects. The regions are then given as input to the CNN which
performs the feature extraction for each region. Lastly, the feature vector is fed to a collection
of class-specific linear support vector machines (SVMs).

R. Girshick proposed Fast R-CNN, an improvement over the base R-CNN, in 2015 [91].
The entire input image is given as input to the CNN in order to obtain the convolutional
feature maps. Region proposals are retrieved from the feature maps, and warped into squares.
Reshaping the proposals to a fixed size is managed through an ROI-pooling layer, so that
they can be delivered to fully connected layers.

Ren et al. further improved the R-CNN model in 2016, with the design of the Faster
R-CNN architecture [92]. Feature maps computed in the first stage of Fast R-CNN can be
exploited to spawn region proposals, avoiding to use slower algorithms as selective search,

which have no learning capabilities. Faster R-CNN adds a Region Proposal Network (RPN)
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after the Fast R-CNN stage of feature maps extraction. The concept behind RPN is to replace
pyramids of images or pyramids or filters with anchor boxes. Architecture designers can tune
the scale and aspect ratio of anchor boxes according to the expected size of the objects to
detect.

He et al. extended the Faster R-CNN model to instance segmentation task, with the
development of the Mask R-CNN architecture in 2017 [93]. Mask R-CNN architecture is
structured in two main blocks: the backbone architecture, which is involved into feature ex-
traction, and the head architecture, which has the aim of performing bounding box regression,

mask prediction, and classification.

2.1.4 Generative Adversarial Networks

Goodfellow et al. introduced GANs in a milestone paper in 2014 [94]. The fundamental
idea underlying GANSs is to jointly train two models: a generator G, which has the task to
understand the data distribution, and a discriminator D, which is devoted in evaluating the
probability of a sample belonging to the true training data instead that being a fake generated
by G. The generator is trained by maximizing the probability of D making a misclassification.
This system is analogous to a two players minimax game. Backpropagation can be exploited
for the training process when the discriminator and the generator are ANNs. The optimal
solution for this problem consists in G recalling data from the training distribution and D
which always outputs %

After their introduction, GANs have permeated many computer vision domains, including
Medical Imaging, where they have a pivotal role in image reconstruction, cross-modality
synthesis, detection, semantic segmentation [95], and classification [29].

Other important applications of GANs in medical image analysis tasks include data
augmentation and normalization. GAN-based data augmentation can mitigate unbalanced
datasets or avoid problem when dealing with sensitive information. Adopting artificial
training data does not lead to decrease in accuracy [96, 97]. Three fundamental GAN
frameworks, namely original GANs, pix2pix [98], and CycleGAN [99], are graphically
compared in Figure 2.2.

Following paragraphs deepen pix2pix and CycleGAN architectures. Additional informa-
tion concerning GAN architectures, training procedures, and applications can be found in
dedicated reviews [29, 100-102].



2.1 Deep Learning 13

(a) (b) N

O o o
D

=
D
4} ;X:I—f

(c)

17 X GXY —> | Gyy(X) l

v

> ——>|Gxv(Gyx(Y))
t

v
Gyx(Gyy (X)) «—— -

Gix L]

—>» Real —>» Fake

\

A

Gyx(y)| «<——

Fig. 2.2 GAN architectures: a graphical comparison. (a) Base GAN: the generator G learns
to produce synthetic examples G(z) starting from random noise z, whereas the discriminator
D learns to distinguish fake examples, G(z), from real samples, y. (b) cGAN (pix2pix): the
generator G learns to produce synthetic examples G(x) starting from conditional examples x,
whereas the discriminator D learns to discriminate between fake x, G(x) and real x,y pairs.
(c) CycleGAN: there are two generators, Gxy and Gy, which maps from X and Y domains,
ensuring cycle consistency by transforming the same example forward and backward between
the two domains. There are also two discriminators, Dy and Dy, aimed at recognizing real
examples, x and y, respectively, from fake examples, Gyx(y) and Gxy (x), respectively.
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2.1.4.1 Conditional GANSs: pix2pix

Isola et al. addressed the problem of employing GANSs for performing image-to-image
translation [98]. The idea of their framework, pix2pix, is that many image processing
problems which involve the mapping of pixels to pixels, historically handled with dissimilar
approaches (i.e., different methodologies, algorithms, and techniques), can be addressed by
a unified framework that exploits a conditional adversarial network. The advantage of this
approach is that it does not simply learn a mapping from an input image to an output image,
but is also able to learn a loss function to train this mapping.

Yang et al. developed a cross-modality image generation framework devoted into synthe-
sis of medical images [103], generalizing over previously proposed approaches, as generating
CT images from MRI [104] and mapping low-dose CT into routine-dose CT images [105].

Zhang et al. described an approach for implementing an automatic system for manu-
facturing plausible colorizations [106]. An important point made by the authors is that the
naive adoption of Euclidean distance between predicted and ground truth pixels may tend
to produce a nonrealistic result, since output images tend to be blurred. The key idea of
implementing a discriminator is that it can avoid those kind of results since they would seem
obvious fakes.

Base GANSs are generative models that learn a transformation from a random noise vector
Z to an output image y, G : z — y [94]. Conditional GANs (cGANSs), on the other hand, learn
a conversion from an observed image x and a random noise vector z, to y, G : x,z — y. The
generator G is trained to construct outputs that cannot be differentiated from “real” images
by an adversarially trained discriminator, D, which is trained to do as well as possible at
detecting the generator’s “fakes”. An example of the training procedure is depicted in Figure

2.2. The objective of a cGAN can be written as in Equation (2.1):

Lean(G, D) = Exy[log(D(x,y))] + Ex :[log(1 — D(x,G(x,2)))] (2.1)

where the generator G tries to minimize this objective against an adversarial D that tries to
maximize it, i.e. G* = argming(maxp(L.gan(G,D)). In the original paper, the authors also
performed further tests to demonstrate the importance of conditioning the discriminator [98].
A last important observation is that authors decided not to embed directly z in the generator,
since it was simply ignored by the generator, as also stated by Mathieu et al. [107]; instead,
they modeled the noise with dropout [108, 109].
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2.1.4.2 Cycle-Consistent GANs: CycleGAN

Cycle-Consistent Adversarial Networks (also known as CycleGAN) was proposed by a
research group from UC Berkeley [99], with the purpose to tackle the unpaired image-to-
image translation problem. With respect to the paired image-to-image translation framework,
the unpaired one can be exploited also for domains for which there is no availability of
paired training data. The CycleGAN architecture learns a mapping Gxy : X — Y so that the
distribution Gxy (X) is as similar as possible to the distribution ¥ according to an adversarial
loss. The source and target image domains are denoted as X and Y, respectively. The main
issue with a naive implementation of such approach would be that, for the learning process,
the mapping G is tremendously under-constrained. The solution proposed by Zhu et al. is
that of coupling the mapping Gxy : X — Y with an inverse mapping Gyy : ¥ — X. Hence,
the name cycle-consistent, which comes from the cycle consistency loss implemented by
enforcing both the mappings at the same time, Gyx (Gxy (X)) ~ X and Gxy (Gyx(Y)) =Y.

The power of this framework has been proven for several applications by Zhu et al.,
including collection style transfer, season transfer, photo enhancement, object transfiguration,
along with others [99]. In the Medical Imaging, examples of applications include noise
removal from multiphase coronary CT angiography [110] and stain color normalization for
Digital Pathology workflows [21].

In a mathematical way, the aim of CycleGAN may be formalized as follows. Given N
training samples for domain X, {xi}é\’: |» Where x; € X, and M training samples for domain Y,
{y ]}1]”: 1» Where y; € Y, the objective is to learn mapping functions between the two domains
X and Y. Data distribution can be denoted as x ~ pgurq(x) and y ~ pgara(v). The CycleGAN
framework comprehends two mappings Gyy : X — Y and Gyy : Y — X. Furthermore, there
is a couple of adversarial discriminators Dy and Dy. The aim of Dy is to discriminate
between images x and translated images Gyx(y). On the other hand, the aim of Dy is to
distinguish between y and Gxy (x). The objective function comprises of two types of terms:
(i) adversarial losses for matching the distribution of generated images to the data distribution
in the target domain; (ii) cycle consistency losses to prevent the learned mappings Gxy and
Gyx from contradicting each other.

The objective adversarial loss for a mapping Gyy : X — Y and a discriminator Dy can be

expressed as in Equation (2.2).

Loan(Gxy, Dy, X,Y) = Eypay 108Dy (v))]+
Bt~ pa 108(1 — Dy (Gxy (x))]

(2.2)
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Hence, cycle consistency loss can be expressed as in Equation (2.3).

Leye(Gxy, Gyx) = Exnpyya 1Grx (Gxy (x)) — x[[1]+
By piaraiy [|1Gxy (Gyx (v)) = ¥[ 1]

(2.3)

Finally, the complete objective for CycleGAN can be formulated as shown in Equation (2.4):

L(Gxy,Gyx,Dx,Dy) = Lgan(Gxy, Dy, X,Y )+

2.4)
+Lgan(Gyx,Dx,Y,X) + ALy (Gxy,Gyx)

where the parameter A can be used to address the relative importance of both loss terms. The

minimization problem to solve can be expressed as reported in Equation (2.5):

Gyy,Gyx = argmin{ max L(Gxy,Gyx,Dx,Dy)} (2.5)

Gxy,Gyx Px:Dy
The original authors proved that the adoption of both adversarial loss Lgay and cycle

consistency loss Ly, is essential for obtaining high-quality results [99].

2.1.5 Self-Supervised Learning

Self-Supervised Learning considers pretext tasks, that can be handled without manual
labeling, with the aim to learn convenient data representations, that can be subsequently
exploited for solving downstream tasks, which are the ones useful for the final users.

In recent years, SSL is attracting a lot of attention since it can be a valid and successful
alternative compared to transfer learning from large datasets. It enables supervised feature
learning in scenarios where the supervised problems are self-generated from the unlabeled
data available. CNN and other DL architectures can benefit from such a pre-training, with
huge performance improvements in cases where there is a scarcity of available labeled data
[111].

Furthermore, SSL models have more generalization capability and are more robust to
attacks than traditional deep supervised models. SSL advantages may be unnoticed when
considering only the overall performances of the CNN on clean data [112]. A comprehensive
review encompassing existing empirical methods according to their objective, in the context
of SSL, has been performed by Liu et al., with a taxonomy that comprehends three main

branches: generative, contrastive, and adversarial [113].
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The following of this section presents some applications of SSL in Medical Imaging.

Dhere et al. [114] applied SSL to Kidney Segmentation. A Siamese Convolutional
Neural Network (SCNN) is adopted to detect if a given pair of kidney sections from CT
scans belongs to the same or to different sides, thus leveraging the anatomical asymmetry of
kidneys to obtain a proxy task that can enable effective feature representation learning for
the Kidney Segmentation purpose. After the SSL training, the gained information is retained
by using one branch of the SCNN as the encoder for the segmentation architecture. With
respect to a CNN trained from scratch, this procedure enables an increase in performance
and a fast convergence.

Taleb et al. [115] introduced the multimodal puzzle task, in order to realize an SSL
method that can exploit multiple image modalities, thus easing the possibility to perform a
rich semantic representation learning in this context. The multimodal puzzle, according to
the experimental results provided by the authors, can yield an improvement in the semantic
representations, if compared to considering each modality independently. These learned
representations can be later exploited for performing fine-tuning on different downstream
tasks, as Brain Tumor Segmentation and Survival Analysis from MRI (four modalities),
Prostate Segmentation from MRI (two modalities), Liver Segmentation from unregistered
CT and MRI modalities.

Chung et al. [116] proposed an FCN for Liver Segmentation from CT images. An
adaptive self-supervision scheme to derive the essential contour has been exploited to deeply
supervise the CNN in order to improve the delineation result.

Chen et al. [111] proposed a novel SSL strategy based on context restoration in order to
better exploit unlabeled images. The context restoration strategy allows learning semantic
image features which are useful for subsequent tasks of image analysis. The proposed
strategy can be simply and effectively implemented and has been validated in three kinds of
Medical Imaging tasks: localization, segmentation, and classification.

Stacke et al. [117] investigated the possibility to extend SImCLR [118] to learn useful
data representations for histopathology scenarios. The authors considered H&E stained
images, and compare how the dissimilarities with the ImageNet dataset affects the SSL
objective. The authors state that heuristics which have proven useful for natural images

cannot necessarily be extended to histopathology data applications.
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2.1.6 Conditional Random Fields

CREF is a probabilistic framework adopted for segmenting and labeling sequence data [119].
With respect to approaches like Hidden Markov Models (HMMs) and Stochastic Grammars,
CRFs have important advantages, such as the ability to relax the strong assumptions about
independence made by those models.

Krihenbiihl et al. proposed a highly efficient approximate inference for fully connected
CRF models in which the pairwise edge potentials are defined by a linear combination of
Gaussian kernels [120]. According to the results they obtained, dense connectivity at the
pixel level dramatically improved segmentation and labeling accuracy. After the rise of
CNNs for semantic segmentation (see Section 2.1.2), the most efficient models traditionally
combine the structured modeling capabilities of CRFs with the feature extraction power of
CNNss.

However, it has to be noted that recently CRF post-processing is being replaced with more
fresh approaches [79, 121, 122]. For this reason, Teichmann and Cipolla proposed to add the
assumption of conditional independence to the framework of fully connected CRFs [123]. As
a result, the authors were able to reformulate the inference in terms of convolutions, so that
efficient GPU implementations can be exploited. Moreover, all parameters of convolutional
CRFs can be easily optimized using backpropagation. The possibility to employ CRF on
top of FCN for improving segmentation quality in 3D multi-modal medical images has been
investigated by Monteiro et al. [124]. According to the authors, CRFs are powerful for
semantic segmentation of 2D RGB images, but the technique transfers poorly from natural
images to medical images.

The core idea behind the approach of combining FCN and CREF is that the latter takes
as input the segmentation produced by the CNN as well as the original input images; CRF
looks at every possible pair of pixels in the image, differently from how local convolutional
filters work, also known as a clique. The graphical model of CRF allows defining every
clique not only by spatial distance between pixels but also by their distance in the color
space. So, CRF is able to produce a segmentation with much sharper edges compared to
those obtained exploiting FCN only [124]. One problem with 3D images is that the third
dimension introduces exponentially more pairs of hyper-voxels in the graph. For instance, a
2D square image with a width of N has N? cliques in the graph, whereas a 3D image with
the same width will have N> cliques.

Another problem of CRF concerns the separate training process from the FCN. A possible
solution has been considered by [125], where the authors proposed to write the CRF mean-

field approximation described in [120] as a Recurrent Neural Network (RNN), which can
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be placed on top of the CNN so that the system can be trained end-to-end. Monteiro et al.
tried to replicate an analogous concept for 3D medical image segmentation, but the obtained
results were not statistically significant [124]. The authors’ reasons to explain these issues
include the fact that natural images tend to have much higher contrast and much sharper
edges than MR images, and edges between objects in natural images tend to be much more

well-defined than in MR images.

2.1.7 Quality Measures
2.1.7.1 Classification

The standard method to assess the performances of a statistical classifier is to evaluate
the confusion matrix result of the model. For a binary classification problem, it can be
seen in Table 2.1. Starting from TP, TN, FP, FN (True Positives, True Negatives, False
Positives and False Negatives) introduced in the confusion matrix, it is possible to define the
Accuracy, as in Equation (2.6) the Recall or Sensitivity, as in Equation (2.7), the Precision as
in Equation (2.8), the F;-score or Dice coefficient, as in Equation (2.9), and the Specificity,
as in Equation (2.10).

TP+TN
Accuracy = i (2.6)
TP+TN+FP+FN
TP
Recall = ———— 2.7
TP+FN
TP
Precision = ———— (2.8)
TP+FP
Fl=2. Prec.is.ion -Recall _ 2-TP (2.9)
Precision+ Recall 2-TP+FP+FN
TN
Specificity = ———— 2.10
pecificity TN<FP ( )

2.1.7.2 Semantic Segmentation

Semantic segmentation can be seen as a pixelwise or voxelwise classification problem, but
more specialized metrics are often required. Main quality measures in this context have been
widely adopted in challenges as SLIVERO7 and LiTS [126, 127], and they represent the gold



2.1 Deep Learning 20

Table 2.1 Binary classification confusion matrix. N and P stand for Negative and Positive,
respectively. TP, TN, FP and FN are the number of True Positives, True Negatives, False
Positives and False Negatives, respectively.

Ground Truth

Positive | Negative
Prediction POSiﬁ\.’e P FP
Negative FN TN

standard in segmentation tasks for Medical Imaging. Two fundamental categories of metrics
exists: those based on the volumetric overlap, inherently linked to the pixelwise or voxelwise
confusion matrix, and those based on surface distances.

The most adopted quality measures founded on volumetric overlap include the Jac-
card Index J(+,-), also called Intersection over Union (IoU), the Volumetric Overlap Error
VOE(-,-), and the Sgrensen—Dice Coefficient DSC(-,-), defined, respectively, in Equation
(2.11), Equation (2.12) and Equation (2.13). In all the definitions involved in the quality
measures, B denotes the binarized predicted segmented volume (obtained by thresholding
predicted probability maps) and G the ground truth volume; the cardinality operator for a set

is denoted as | - |.

|IBNG|
J(B,G) = 2.11
(B,G) BUG| (2.11)
VOE(B,G) =1-J(B,G) (2.12)
2-|BNG|
DSC(B,G) = ———- (2.13)
B +1G

The concept of overlap behind DSC(B, G) and J(B,G) can be generalized, resulting in the
Tversky Index Ty, g(B,G), defined as:
|IBNG]|
T, 3(B,G) = 2.14
a.p(B,0) IBNG|+ «o|B— G|+ B|G — B| @.14)
where it is worth noting that 75 5(B,G) corresponds to DSC(B,G), and T; 1(B,G) is
equivalent to J(B, G).

A more approximate indication about the relative difference between the volumes is the
Relative Volume Difference (RV D), which can be defined as in Equation (2.15).
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1Bl = 1G]
e

For what concerns quality measures designed for assessing external surface distances,

RVD(B,G) = (2.15)

it is worth mentioning the Maximum Symmetric Surface Distance (MSSD), the Average
Symmetric Surface Distance (ASSD), and the Root Mean Square Symmetric Surface Distance
(RMSD). These measures are particularly useful for applications such as surgical planning
and image-guided surgery, where it is vital to obtain a suitable prediction of the mesh of the
considered organ.

To properly define these distances, a metric space (X, d) has to be defined. In this metric
space, X is a 3D Euclidean space and d is the Euclidean distance over the space. Then, let
S(B), S(G) in X be, respectively, the external surfaces of the B and the G volumes. A distance
function between any two non-empty sets S(B) and S(G) of X, also known as one-sided
Hausdorff distance, h(S(B),S(G)), can be defined as in Equation (2.16).

h(S(B),S(G)) = sup { inf d(sB,sG)} (2.16)
speS(B) LscES(G)

Then, the MSSD, also known as bidirectional Hausdorff distance, can be defined as in
Equation (2.17), whereas the ASSD can be defined as in Equation (2.18) and RMSD as in
Equation (2.19).

MSSD(B,G) = max {h(S(B),S(G)),h(S(G),S(B))} (2.17)
1
ASSD(B,G) = BB TS0 <SB§ )d s8,S )+SG€ZS(G)d(sG,S(B))> (2.18)
— 1 s s 2
RMSD(B,G) = 5B TSC)] mg )d 5,S +SG€ZS(G)d( 6, S(B)?  (2.19)

A metric based on MSSD, which is also adopted in challenges (https://structseg2019.grand-challenge.
org/Evaluation/) is 95%MSSD, referring to the 95th percentile of MSSD, with the purpose to

eradicate the impact of a small subset of outliers.


https://structseg2019.grand-challenge.org/Evaluation/
https://structseg2019.grand-challenge.org/Evaluation/
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2.1.7.3 Object Detection

Reference metrics used for evaluating object detection models are based on object detection
challenges as PASCAL VOC (http://host.robots.ox.ac.uk/pascal/VOC/), Google Open Images
(https://opensource.google/projects/open-images-dataset), and COCO (https://cocodataset.
org/). In general, the performance metrics used in these challenges offer a global level
evaluation, estimating the performances of the model in the whole dataset. The adoption of
global metrics makes benchmarking much simpler, but it does not provide insights on how
and why the mistakes have been made.

In order to define object detection metrics, it is necessary to properly define a detection
first. Given two bounding boxes A and B, it is possible to define Intersection over Union
(IoU) and Intersection over Minimum (/oM). IoU is the ratio between the intersection and
the union of the bounding boxes areas, as defined in Equation (2.20).

|ANB|

IoU(A,B) = AUB (2.20)

As for semantic segmentation metric definitions, | - | denotes the set cardinality operator. JoU
values lie in the range [0, 1], where 1 indicates a perfect match. A predicted object matches
with a ground truth object when /oU between them is above a certain threshold (a common
choice for the threshold is 0.5).

On the other hand, the JoM between two bounding boxes A and B is the ratio between

the intersection and the minimum of their areas, as reported in Equation (2.21).

|ANB|

IoM(A.B) = —MMM—
oMAB) = (A IB]

(2.21)

IoM values lie in the range [0, 1], where 1 indicates a perfect match.

Widespread evaluation metrics for object detection are Average Precision (AP), which can
be mainly defined as the area under the precision—recall curve, and mean Average Precision
(mAP), that is AP averaged over all classes. A naive implementation of AP is described in
Equation (2.22):

AP = /0] p(r)dr (2.22)

Anyway, it is important to note that AP is usually calculated (e.g., PASCAL VOC) by adopting
the average interpolated precision value of the positive examples [128]. The dependence

of precision and recall from confidence ¢ can be explicated using the notation p = P(c)


http://host.robots.ox.ac.uk/pascal/VOC/
https://opensource.google/projects/open-images-dataset
https://cocodataset.org/
https://cocodataset.org/
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and r = R(c). Recall R(c) is the fraction of objects detected with confidence of at least c.

Precision P(c) is the fraction of detections that are correct:

R(C)-Nj
R(c)-Nj+F(c)

In Equation (2.23), N; is the number of objects in class j and F(c) is the number of incorrect

P(c) = (223)

detections with at least confidence c.

Mean Average Precision (mAP) for K classes can be calculated as reported in Equation
(2.24):

1 K
mAP = ) AP, (2.24)
j=1

2.1.7.4 Image Similarity

Other quality measures that have to be noted are Peak-Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index Measure (SS/M), which are especially useful in assessing image
degradation (as blurring, noise, or JPEG compression). Horé et al. derived a mathematical
relationship between them [129]. Given a reference image f and a test image g, both having
size (M x N), and given MSE(f, g) defined as in Equation (2.25):

1 M N
MSE(f,8) = .o 3 ¥ (fij— &) (2.25)
i=1j=1

it is then possible to introduce PSNR(f,g) as in Equation (2.26):

2
PSNR(f,g) = 10log;, <m> (2.26)

where P is the peak value of the signal.

Instead, the definition of SSIM, reported in Equation (2.27), is more complex, since it
involves the combination of three factors: loss of correlation s(f, g), luminance distortion
I(f,g) and contrast distortion c(f, g). For more details about SSIM refer to [129].

SSIM(f,g) = 1(f,8)c(f,8)s(f,8) (2.27)
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2.1.8 Explainable AI Methods

Two families of methodologies have a prominent role in interpretability and explainability:
perceptive interpretability and mathematical interpretability [130]. Perceptive XAl involves
the straightforward visualization of the most important features affecting the final model
outputs, allowing to study feature level classification patterns of the DL network topologies.
On the other side, mathematical interpretability furnishes insights concerning the developed
models, portraying the features adopted to realize the predictions, often realizing cluster

maps.

2.1.8.1 Perceptive XAI

Two of the most widespread methods for carrying out perceptive XAl eplanations are
Gradient-weighted Class Activation Mapping (Grad-CAM) and Local Interpretable Model-
agnostic Explanations (LIME) [130]. They are post-hoc techniques, which work on existing
trained models without modifying them, that can be exploited to interpret the decisions
performed by DL models. The remainder of this section details the behavior of the Grad-
CAM and LIME techniques.

Grad-CAM Grad-CAM can be considered as a method which rely on back-propagation,
since the algorithm performs both forward-pass and backward-pass through the network
topology, exploiting partial derivatives of the activations [131]. The original CAM method
needed a particular design of the DL model under consideration. Unlike its predecessor,
Grad-CAM offers a generalization which can be employed without altering the underlying
CNN architecture [132].

The Grad-CAM method generates a class activation heatmap for a given network layer
and input image. This means that, for a given class, the Grad-CAM tries to realize a compre-
hensible representation of the decision making mechanism of the underlying DL. model as an
heatmap that shows the feature importance. In the last layers of CNN architectures, neurons
examine semantic information related to specific classes. Grad-CAM is capable to exploit
the gradient flow of one of these layers to decipher feature importance information that can
be depicted on a saliency map. At the end, usually, the obtained representation is portrayed

with a jet color scheme. Red color depicts saliency zones, whereas blue the background.

LIME Another well-known technique for explainability is LIME. It is a model-agnostic
method, which can be used for any DL architecture. Its name derives from its properties:
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* Local — the behavior of the network is explained by estimating its local behavior;

* Interpretable — the output of the LIME method is useful to get an insight on the model

functioning for a human user;

* Model-Agnostic — the LIME technique does not depend on the model under consider-

ation, but can be applied for every existing black-box model.

When used in classification setups, LIME can be explained as follows. A patch of pixels
which similar characteristics (superpixels) is taken from the original input image, after having
generated a linear model, and used to obtain samples. Computation of superpixels in the
image is carried out with the quick-shift algorithm. Then, perturbation images are obtained
and predictions are made on those.

Lastly, a saliency map is superimposed to the image, so to highlight important regions, i.e.
superpixels that contributed the most in the classification. A common convention is to denote
the positively contributing features with green color; the negatively contribution features are
portrayed in red color. The number of top contributing features to show is a parameter that

can be adjusted.

2.1.8.2 Mathematically Explained XAI

Two widely employed and useful techniques, t-distributed Stochastic Neighbor Embed-
ding (t-SNE) and Uniform Manifold Approximation and Projection (UMAP), for achieving
mathematical interpretability are described in this section. Those techniques allow to per-
form dimensionality reduction of the features extracted by CNN and other DL topologies,
permitting to visualize clusters in a low-dimensional space.

The main purpose of t-SNE and UMAP concerns data visualization. However, it has to
be noted that there is a difference in the interpretation of the inter-cluster distance. Indeed,
UMAP can retain both local and global structure in the data, while t-SNE focuses on
maintaining the local structure. Therefore, UMAP is a more appropriate technique for

assessing the dissimilarity and inter-cluster distance.

t-SNE The t-SNE methodology is a modification of the SNE technique, which enables the
visualization of data from high-dimensionality spaces into low-dimensionality spaces (for
practical reasons, of 2 or 3 dimensions) [133]. Compared to the SNE method, it improves on

two aspects:
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1. the cost function optimization — a Student-t distribution is employed to change the SNE
cost function (symmetrized), so to compute data similarity in the low-dimensional

space.

2. the "crowding problem" — a heavy-tailored distribution is exploited in the low-dimensional

space.

UMAP The UMAP methodology offers a nonlinear mapping for dimensionality reduction,
grounded on three assumptions [134]:

1. the data has a uniform distribution on an existing manifold;
2. the manifold topological structure should be preserved;

3. the manifold is locally connected.

The UMAP method consists of two main stages. The first involves learning a manifold
structure in a high-dimensional space, whereas the second concerns finding a related represen-
tation in the low-dimensional space. The initial step of the first stage consists in finding the
nearest neighbors for the datapoints, by taking advantage of the Nearest-Neighbor-Descent
algorithm.

Thus, a graph is built by linking the previously identified neighbors. Since data are
uniformly distributed among the manifold, the space between datapoints fluctuate depending
on regions where data are sparse or denser. The concept of edge weights can be introduced
exploiting this assumption. It consists in determining, for every point, the distance to its

nearest neighbor. Though, a problem of disagreeing edges can happen.

2.2 Radiomics and Deep Learning in Radiology

In the clinical field, the process of volumetric organs quantification plays a pivotal role.
This process is required for diagnosing pathologies and monitoring their evolution over
time, besides surgical planning setups. Volumetric imaging acquisition techniques, such
as Computed Tomography (CT) or Magnetic Resonance Imaging (MRI), allow for three-
dimensional delineation of organs in a non-invasive way. In clinical practice, the gold standard
often relies on manual annotation performed by radiologists, which is time-consuming

and error-prone, having to label each two-dimensional slice of the volumetric acquisition
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manually. Moreover, there are concerns about inter- and intra-operator variability of the
resulting segmentation [135].

The research community made a considerable effort to design and develop reliable
segmentation methods, explicitly focusing on anatomical sites having a morphological
structure that could vary over time, both for physiological and pathological reasons, such
as kidneys or liver. Thanks to recent advances in Artificial Intelligence (Al) algorithms,
DL methodologies and architectures, such as CNNs, have become very popular in different
application domains, including the medical context. The peculiarity of DL techniques is
that these approaches do not require to design procedures for extracting features, which is
well-known to be a challenging and time-consuming process, also requiring a very profound
knowledge of the application domain [136, 137]. In fact, before the CNN outbreak, different
approaches, including the Chan-Vese model [138], neural network-based approaches [139,
140], and discriminant-based approaches [141, 142], were adopted for features-based image
analysis.

The drawback is that, in order to train supervised DL models, there is a need for a
huge quantity of training data. This problem can be partially solved by techniques as
Transfer Learning or Self-Supervised Learning, but in the medical imaging domain there is a
huge effort in realizing datasets and challenges which are publicly available and count on
international collaborations for providing the data, thus allowing to ease the initial annotation
process. After that models have been trained, human-in-the-loop methodologies can be
further exploited to delineate even more data [143, 144].

Focusing on research applications dealing with CNNs applied on Medical Imaging, it
is worth noting that more than 8000 documents on Scopus and more than 80000 results on
Google Scholar have emerged in the last five years, with a continuously growing trend, as
reported in Figure 2.3. For what concerns the number of publications in Medical Imaging,
Scopus has been queried with “TITLE-ABS-KEY ( ( convolutional AND neural AND network
) OR ( deep AND learning ) AND ( medical AND imaging ) )”, whereas Google Scholar has
been searched with “convolutional neural network medical imaging”. For what regards the
publications in Deep Learning for segmentation of liver, kidney and spleen, Scopus has been
queried with “TITLE-ABS-KEY ( ( “semantic segmentation” OR “deep learning” ) AND (
“Sorgan” ) AND ( “CT” OR “MRI” ) )”, where $organ refers to liver, kidney or spleen.

The adoption of Deep Learning strategies allowed the development of many automatic
CDSSs from medical images [18, 19, 36, 145-156]. CDSSs have an essential role also for
what concerns the automatic delineation of organs from volumetric imaging acquisitions

[49, 157-169]. In particular, the abdominal area has been the subject of several studies
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Fig. 2.3 Deep Learning Publications in Medical Imaging. Left: number of publications
of Deep Learning in Medical Imaging on Scopus and Google Scholar. Right: number of
publications per year of Deep Learning for segmentation of liver, kidney and spleen.

for applications like radiotherapy treatment planning, volume measurement and computer-
assisted surgery [170].

Traditionally, the visual assessment of medical images for detection, characterization,
and monitoring of pathological conditions is performed by trained radiologists. Artificial
Intelligence methodologies can improve the traditional workflow by providing quantitative
measurements for radiographic characteristics by exploiting pattern recognition capabilities
in imaging data in automatic or semi-automatic ways. These characteristics can result in
significant medical field progress, especially when considering oncological applications
[171].

Radiology is intrinsically a data-driven specialty; thus, data processing methodologies
(as those based on Deep Learning) are particularly relevant in this clinical domain [172].
Indeed, several works have already proven that DL is a suitable approach for solving different
tasks, including disease or lesion detection, classification, quantification, and segmentation
[17, 56, 145, 157, 158, 171-185].

One fundamental question that arises from adopting DL for medical applications concerns
the difference between fine-tuning and full training. Performing the training process from
scratch is difficult, given the vast amount of labeled training data required. Labeled natural
images collections, like ImageNet [186—191], can pose the basis for implementing fine-tuning
mechanisms. However, the central question is whether labeled natural images can provide a
reliable source of information for discriminating against medical images. Semi-supervised

image annotation can also be exploited [192]. According to Tajbakhsh et al., by employing a
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pre-trained CNN with fine-tuning, it is possible to outperform CNN trained from scratch;
moreover, fine-tuned CNNs are more robust to the size of training sets [175].

Even if all the points so far look very promising, DL techniques suffer from some limita-
tions. Besides the need for a lot of consistent data for training (worsen by some companies
not sharing their intellectual properties, keeping proprietary their datasets [193]), there are
also other points to note. First, ANNs can be “statistically impressive, but individually
unreliable”, making mistakes that humans would not [194]. Moreover, ANNs, also in the
Medical Imaging domain, can be subject to adversarial attacks, i.e. researchers could modify
images in such a not detectable to the human eye but able to trick DL image classifiers
[195-198].

DL-based methodologies in abdominal radiology have a fundamental role for a wide
array of applications, including diagnosis, prognosis, diseases monitoring, radiotherapy, and
surgical planning. Furthermore, in all these contexts, the development of CAD solutions
based on DL pipelines for organs segmentation can ease the burden of the radiologist. The
segmentation of these abdominal organs is developed in several studies as reported in [199—
202]. The main challenges in the segmentation of liver, kidney, and spleen include variations
in morphology, location, orientation, and intensity values, both among more patients than
in the same person considered in different time spans [203]. Moreover, the use of different

scanners may result in variable quality of obtained images.

2.2.1 Datasets and Challenges

Biomedical image segmentation is becoming more and more important in the biomedical
research field, resulting in widespread efforts for producing publicly available datasets.
Increasingly, organizers of medical imaging challenges publicly release this data. Some of

the most important dataset collections are:

* Medical Segmentation Decathlon [204]. Semantic segmentation approaches are
incredibly functional for the automatic segmentation of Regions of Interest (ROIs),
especially in the Medical Imaging community. The role of this collection of datasets is
to provide the users with annotated medical image data of different clinically relevant
sites. Data is released under an open-source license. It also sets a comprehensive
benchmark employable to assess the relevance of proposed methods. Among the ten
datasets provided, Task03 (Liver), TaskO8 (Hepatic Vessels), and Task09 (Spleen) are

detailed in the remainder of this section.
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* MedPix [205]. It is a free open-access online database with about 59,000 images
belonging to more than 12,000 patients. The main target audience comprises physicians,
nurses, health professionals, and students interested in medical knowledge. Contents
are classified by disease location (organ system); type of pathology; profile of each
patient; image classification and captions. This results in a data collection in which any
search can be made by diagnosis, organ, patient symptoms and signs, image modality

and description, contributing authors and keywords, among other options.

* Grand Challenge [206]. It is a platform for easing the end-to-end development of
machine and deep learning algorithms in the biomedical imaging domain. In June
2022, it hosts more than 300 challenges, with roughly 69,000 subscripted users, but it

is growing even more rapidly.

* MICCAI Challenges [207]. The MICCAI Society annually holds the MICCAI
International Conference, a leading conference in the Medical Imaging domain.
During this conference, a few relevant challenges are organized. Starting from
MICCALI 2021, the process of challenges organization has become even more rig-
orous, with the development of a structured challenge submission system (https:
/lwww.biomedical-challenges.org/miccai2021/), allowing to overcome many of the
issues related to these challenges, as reproducibility and interpretation of the results

and ranking of the proposed algorithms [208].

* The Cancer Imaging Archive (TCIA) [209]. Born from the National Cancer Institute
and Washington University (Saint Louis) effort, it is a very large database of cancer
images collections. In the first year of activity, it accumulated over 20 collections and
3 million images. TCIA is an open-source and open-access information resource that
sustains didactic, research, and development activities based upon advanced Medical

Imaging of cancer.

In the following of this section, the considered datasets and challenges are split into two

categories:

* Single-Organ Segmentation, which refers to publicly available datasets that contain

labels for only one organ among liver, kidney, and spleen.

* Multi-Organ Segmentation, which refers to publicly available datasets that contain

labels for different organs, among which at least one is liver, kidney, or spleen.


https://www.biomedical-challenges.org/miccai2021/
https://www.biomedical-challenges.org/miccai2021/
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2.2.1.1 Single-Organ Segmentation

The two most important benchmarks for Liver Segmentation are SLIVERO7 [126] and
Liver Tumor Segmentation Benchmark (LiTS) [127]. Further, there is also the Medical
Segmentation Decathlon Task 08 (MSD 08). Note that MSD Task 03, from the same
collection, hosts the same data of LiTS.

In SLIVERO7, there is a comparison between 10 automatic and 6 interactive methods for
Liver Segmentation from contrast-enhanced CT images, based on the workshop “MICCAI
2007 Grand Challenge”. The considered algorithms include atlas registration, level-sets,
graph-cuts, rule-based systems, and statistical shape models. SLIVERO7 dataset contains
20 CT scans for training, for which liver masks are publicly available, and 10 test CT scans.
According to the specific machine and protocol adopted, CT scans of SLIVERO7 have an x/y
pixel spacing which belongs to the range 0.55-0.8 mm, and a thickness ranging from 1 mm
to 3 mm.

The LiTS challenge has been organized in conjunction with the IEEE International Sym-
posium on Biomedical Imaging (ISBI) 2017 and the MICCAI 2017 International Conference
[127]. Twenty-four approaches for liver and liver tumor segmentation have been considered.
According to the LiTS organizers, the best-ranked algorithms are based on U-Net [72] archi-
tectures (a widely adopted CNN in the Medical Imaging domain, detailed in Section 2.1) and
have common properties, such as exploiting cascaded approaches, residual connections, and
2.5D architectures. The LiTS dataset contains 201 CT abdominal acquisitions. The training
set is composed of 131 CT scans, whereas the test set contains 70 CT scans. Liver and liver
tumor masks are publicly available for the training set only. Pixel spacing, in x/y-direction,
belongs to the range 0.56-1.0 mm, whereas slice distance ranges between 0.45 mm and 6.0
mm, with the number of slices varying from 42 to 1026. Note that LiTS training dataset
contains the public 3D-IRCADb dataset.

The Medical Segmentation Decathlon Task 08 dataset consists of 443 portal venous
phase CT scans [204]. In this dataset, the x/y pixel spacing belongs to the range 0.57mm to
0.9mm, whereas the thickness goes from 2.5mm to 5.0 mm. For this dataset, there are also
publicly available CT scans annotations for liver parenchyma and segments, made by expert
radiologists for a study carried out by Tian et al. from Lenovo Research [210].

The main publicly available datasets for Kidney Segmentation include the 2019 Kid-
ney Tumor Segmentation Challenge (KiTS19) and the 2021 Kidney and Kidney Tumor
Segmentation Challenge (KiTS21) [211-213].

The KiTS19 challenge dataset is a collection of 300 CT scans, with related segmentation
masks and treatment outcomes, for the same number of patients treated with partial or radical
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nephrectomy in the years 2010-2018. The train set is composed of 210 CT scans, for which
the label data are publicly available. The remaining 90 CT scans are used for objectively
assessing the proposed methods [212]. The competition has been held in conjunction with the
2019 MICCAI International Conference. More than 100 teams joined the KiTS19 challenge,
developing automated systems for predicting kidney and kidney tumor segmentation for the
test set [213].

The KiTS21 challenge (https://kits21.kits-challenge.org/) has been accepted for the 2021
MICCALI International Conference, and it will incorporate more data compared to KiTS19,
allowing to overcome the limitations of the previous challenge by integrating acquisitions
from different geographical locations, also at different times. Even if the challenge organizers
wanted to include labels for ureters and renal vessels, they finally decided to not include
them anymore in the challenge. With respect to the KiTS19 challenge, it is worth noting that
annotations for cysts, defined as kidney masses radiologically determined to be cysts, have
been added [211].

Regarding the publicly available single-organ datasets for Spleen Segmentation, only
the Medical Segmentation Decathlon Task 09 (MSD 09) dataset has been found. MSD 09
dataset consists of 61 portal venous phase CT scans (41 constituting the training set, and
the remaining 20 as test set) from patients who underwent chemotherapy treatment for liver
metastases at the Memorial Sloan Kettering Cancer Center (New York, NY, USA) [204].

Table 2.2 reports a summary of the datasets for the single-organ segmentation.

. . . Number of | Number of | Publication

Dataset Annotation | x/y spacing | Thickness slices labeled images Year
SLIVERO07 L 0.55-0.8mm | 0.45-6mm 64-394 20 (+10) 2009
LiTS, MSD 03 L,LT 0.56-1mm 1-3mm 74-987 131 (+70) 2019
MSD 08 ]ivg“g 0.57-0.9mm | 2.5-5mm 24-251 443 1(;31 40) 2019
KiTS19 K, KT 0.44-1.04mm | 0.5-5mm 29-159 210 (+90) 2019
KiTS21 K, KT, KC N/A N/A N/A N/A 2021
MSD09 S 0.61-0.98mm | 1.5-8mm 31-168 41 (+20) 2019

Table 2.2 Single-Organ Datasets Summary. The number of labeled images is reported as
“training labels (+ testing labels)”. Annotation acronyms: L stands for Liver; LT stands
for Liver Tumors; LV stands for Liver Vessels; LS stands for Liver Segments; K stands for
Kidney; KT stands for Kidney Tumors; KC stands for Kidney Cysts; S stands for Spleen.

2.2.1.2 Multi-Organ Segmentation

Among the most important collections for Multi-Organ Segmentation which include at
least one between the liver, kidney, and spleen, there are the 3D-IRCADb dataset (https:


https://kits21.kits-challenge.org/
https://www.ircad.fr/research/3d-ircadb-01/
https://www.ircad.fr/research/3d-ircadb-01/
https://www.ircad.fr/research/3d-ircadb-01/
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//www.ircad.fr/research/3d-ircadb-01/), the CT-ORG dataset [214, 215], the CHAOS dataset
[216-218] and a dataset from Gibson et al. [159].

The 3D-IRCADD dataset (https://www.ircad.fr/research/3d-ircadb-01/) is composed of
20 CT scans. The liver, but also vessels and other abdominal organs (among which there
are kidneys and spleen) are annotated. The 3D-IRCADbD dataset contains CT scans whose
axial-plane resolution varies from 0.56 mm to 0.81 mm, whereas resolution along the z-axis
spans from 1 mm to 4 mm. The number of slices ranges between 74 and 260. The 20 CT
scans of 3D-IRCADbD come from 10 women and 10 men; the number of patients with hepatic
tumors is 75% of the overall dataset.

CT-ORG dataset [214, 215], from TCIA [209], comprises 140 CT scans with five organs
labeled in 3D: lung, bones, liver, kidneys and bladder. In the minority of scans with the brain,
annotations are provided for it. Most images contain liver lesions, both malignant and benign.
There are also scans that exhibit metastatic disease in other organs, such as bones and lungs.
The vast majority of images, 131 out of 140 CT scans, comes from LiTS [127].

CHAOS - Combined (CT-MR) Healthy Abdominal Organ Segmentation (https://chaos.
grand-challenge.org/) dataset consists of 20 training and 20 testing cases in the CT dataset.
MRI dataset contains 20 training and 20 testing cases with T1-Dual and T2 SPIR sequences.
Train data contains both DICOM images and their ground truth masks. The testing set only
contains DICOM images. In CT cases, only livers were annotated. Instead, in MRI cases,
livers, left/right kidneys, and spleens were annotated [216-218].

Gibson et al. shared a dataset composed of 90 abdominal CT scans which delineate
multiple organs: spleen, left kidney, gallbladder, esophagus, liver, stomach, pancreas, and
duodenum [159]. The abdominal CT images and some of the reference segmentation are
derived from two datasets: TCIA Pancreas-CT dataset [209, 219, 220] and Beyond the
Cranial Vault (BTCV) Abdomen data set [221, 222]. The dataset has been published on a
public repository (https://zenodo.org/record/1169361#.X6U61WhKiUk).

Table 2.3 reports a summary of the datasets for the multi-organ segmentation, whereas
Figure 2.4 shows an image representing examples for liver, kidney and spleen from some of
the different datasets listed in Table 2.2 and Table 2.3.

2.2.2 Segmentation Workflow

The general workflow implemented for segmentation in radiology may be delineated as

follows:


https://www.ircad.fr/research/3d-ircadb-01/
https://www.ircad.fr/research/3d-ircadb-01/
https://www.ircad.fr/research/3d-ircadb-01/
https://www.ircad.fr/research/3d-ircadb-01/
https://www.ircad.fr/research/3d-ircadb-01/
https://chaos.grand-challenge.org/
https://chaos.grand-challenge.org/
https://zenodo.org/record/1169361#.X6U6lWhKiUk
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. . . Number of | Number of Publication
Dataset Annotation x/y spacing | Thickness slices labeled images Year
3D-IRCADb L,LT, V,K, S, etc. 0.56-0.81mm | 1-4mm 74-260 20 2010
CHAOS [216-218] | L,K,S 0.54-2.03mm | 2-8mm 26-294 40 (+40) 2019
CT-ORG [214, 215] | L, K, Lu, Bo, BI, Br 0.56-1.37mm | 0.7-5mm 74-987 140 2019
Dataset [159] S,KL G,E, L, St, P, D | 0.59-0.98mm | 0.5-5mm | 85-466 90 2018

Table 2.3 Multi-Organ Datasets Summary. The number of labeled images is reported as
“training labels (+ testing labels)”. Annotation acronyms: L stands for Liver; LT stands for
Liver Tumors; V stands for Vessels; Ks stands for Kidneys (K1 stands for left Kidney); S
stands for Spleen; Bo stands for Bone; Bl stands for Bladder; Br stands for Brain; Lu stands
for Lung; G stands for Gallbladder; E stands for Esophagus; St stands for Stomach; P stands
for Pancreas; D stands for Duodenum.

Fig. 2.4 Liver, Kidney, and Spleen image examples. Data from LiTS [127], KiTS19 [213],
MSD 09 [204] and 3D-IRCADbD. Twelve slices from different patients are reported. The first
column contains liver examples, the second column spleen samples, the third column kidney
examples and the last column multi-label examples.
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1. Data Preparation. This step could be very dependent on the specific research which is
carried out. If a publicly available dataset is exploited, typically, the only operation
required is to obtain permission from dataset creators and download it. If data has to
be collected from a local hospital, there are other aspects to consider, such as obtaining

ethical approval and producing high-quality ground truth segmentation masks.

2. Data Augmentation and/or Pre-processing. These two steps have been grouped since
they could involve the same operations. Moreover, it is possible to perform augmenta-
tion and pre-processing in different orders.

(a) Data Augmentation. There exist numerous data augmentation libraries available
for natural and medical images [223-225]. Typically, augmentations can be

categorized into:

i. Pixel-level transformations, as those intensity-based, such as rescaling, z-
score normalization, histogram standardization, random noise, random blur-
ring.

i1. Spatial-level transformations, such as geometric, morphological, and textural
ones, e.g. crop, flip, grid distortion, affine transformations, perspective
transformations, elastic transformations, resize, rotation. Moreover, recently

GANSs have started to show promising results in augmenting biomedical
image datasets [29, 96, 97, 226].

(b) Pre-processing. Classical pre-processing steps may include clipping and rescal-
ing, z-score normalization, histogram matching, and histogram equalization. In
other cases, where there are artifacts that could impact the quality of the learning
model, more advanced steps have to be implemented to obtain coherent input
data.

3. Learning Model. Since the main focus of the thesis work is on learning models
(specifically on Deep Learning ones) for CAD and CDSS, other classical techniques
that could have been used (e.g., region growing, level set) are not considered. Among

DL-models, the most frequently exploited ones for image segmentation are:

(a) FCN or E/D (encoder-decoder) architectures, which have been detailed in Section
2.1.2.

(b) SNN (Siamese Neural Network), which consists of two identical ANNs that learn

hidden representations of an input vector for their comparison using a distance
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measure [227]. This idea stems from a system for signature verification developed
some decades ago [228], but they are recently gaining attention for applications
such as tracking [229], one-shot learning [230], and medical image segmentation
[231].

(c) GANSs, which have been already introduced in Section 2.1.4.

4. Post-processing. It is an optional additive step that could refine the segmentation results.
Techniques like graph-cut and CRF (introduced in Section 2.1.6) have proven their
usefulness in the analyzed papers which adopted them. Sometimes, also more basilar
methodologies, like connected components labeling and morphological operators, may

lead to improvements [56].

5. Evaluation. Typically, during the training loop, intermediate results are evaluated on
both the training set, for assessing the training loss and performing backpropagation,
and on a subset kept out for validation, which can be used to implement early stopping
or for selecting the best model. After the training process, the obtained model is

assessed on both internal and external validation sets.

A conceptual representation of the presented workflow is delineated in Figure 2.5.

2.2.3 Liver Parenchyma Segmentation

The importance of liver (parenchyma) segmentation in the medical domain has a long tra-
dition, with the first important “Grand Challenge” held in MICCAI 2007 [126]. Liver
segmentation is the first fundamental step for computer-based surgery planning of interven-
tions as resections of tumors, living donor transplantations, or minimally invasive surgery
[232, 233]. Furthermore, it is also useful for monitoring and diagnosing liver diseases
[126, 127, 234, 235].

CT scan images are typically acquired for these reasons. Difficulties incurring in the
automatic delineation of liver parenchyma include the presence of adjacent organs with
similar intensities, such as heart and stomach, or subcostal fat of the rib cage. Moreover,
pathologies, such as cirrhosis, partial liver resections, or wide tumors, pose further issues
[126].

Subsequently to liver segmentation, liver lesion classification can be efficiently ap-
proached by CNNs [236]; furthermore, it can be aided by adding synthetic data exploiting
GANS, resulting in an increase in recall and specificity [226]. Besides parenchyma segmen-

tation, another important step concerns vessels delineation. In modern hepatic surgery, the
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correct identification of hepatic vessels is fundamental since they represent the anatomic
borders of hepatic segments (according to the model of Couinaud [237]). Segmentectomies,
based on the correct identification of the vascular landmarks, can avoid the unnecessary
removal of healthy liver parenchyma, also reducing the complications of most extensive
resections [238]. In literature, there are different classical approaches aimed at liver ves-
sels segmentation. Region-based approaches, k-means clustering, morphological operators,
context-based voting algorithms, oriented flux symmetry, and graph-cut have been exploited
for the task [239-245]. More recently, DL. methodologies are emerging for liver vessels
segmentation too [56, 246].

Existing DL approaches for liver segmentation can be categorized into three main cat-
egories: pure CNNs [85, 87, 88, 247, 248], CNNs combined with CRFs [147, 249, 250]
or other post-processing techniques [56, 251-253], and adversarial loss set-ups [254, 255].
Approaches that include SSL have been reported in Section 2.1.5.

2.2.3.1 Pure CNN approaches

Zhou et al. presented UNet++, a deeply supervised encoder-decoder network where the
encoder and decoder sub-networks are connected through a series of nested, dense skip
pathways. The authors tested UNet++ on a variety of tasks, including liver segmentation in
abdominal CT scans, showing improvements in terms of loU with respect to the standard
U-Net architecture [85, 88].

Li et al. proposed a novel architecture, the H-DenseUNet (Hybrid Densely Connected
U-Net), for liver and liver tumor segmentation from CT scans. The authors realized a hybrid
feature setup, where a 2D network is exploited for intra-slice feature extraction, and a 3D
network is adopted for the hierarchical reconstruction of volumetric context. The method has
been evaluated on the LiTS challenge [127] and 3D-IRCADb dataset [87].

Ben-Cohen et al. compared different variants of FCN, based on the VGG-16 [41] model,
for liver and liver tumor segmentation from CT scans. They conclude that the obtained results

may be clinically relevant [247, 248].

2.2.3.2 CNNs combined with post-processing

Christ et al. [147] proposed a method for automatic liver and liver tumor segmentation by
exploiting Cascaded Fully Convolutional Neural Networks (CFCNs), training two FCNs, and
dense 3D CRFs. The models were trained on the abdominal CT scans of the 3D-IRCADb

dataset. The authors concluded that 3D CRFs are beneficial as post-processing, resulting
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in an improvement of the quality measures employed (related to the original SLIVERO7
challenge [126]).

Dou et al. introduced 3D DSN, a 3D FCN trained with a deep supervision mechanism,
which exploits intermediate feature maps, after upsampling, to obtain an extra-dense predic-
tion. In the loss function, the components of these extra prediction maps have a decaying
weight. CRF is applied as post-processing for contour refinement, increasing the segmen-
tation accuracy. The authors tried different tasks, among which there is liver segmentation
from 3D CT scans [249].

Rafiei et al. developed a 3D to 2D Fully Convolutional Network (3D-2D-FCN) to speed
up the recognition of trauma areas since liver segmentation in emergencies is a vital task.
The authors showed a performance gain with the CRF adoption compared to the CNN-only
model [250].

Lu et al. presented a DL algorithm with graph-cut refinement to perform automatic
liver segmentation from CT scans. A 3D CNN is exploited to perform liver detection and
probabilistic segmentation; then, the initial segmentation is refined via graph-cut, taking
advantage of the previously learned probability maps. The approach has been validated on
volumes taken from SLIVERO7 [126] and 3D-IRCADbD datasets. The authors concluded
that the obtained results are efficient and accurate for hepatic volume estimation in a clinical
setup [251].

Hu et al. devised an automatic segmentation framework based on 3D CNN and globally
optimized surface evolution to overcome the difficulties of detecting and delineating liver
from CT scans. A deep 3D CNN, inspired by the paper of Lu et al. [251], is trained to
learn a subject-specific probability map of the liver, giving an initial surface and acting as
a shape prior to the subsequent delineation phase. Then, a segmentation model adaptively
incorporates global and local appearance information by performing a global optimization in
a surface evolution fashion. The method has been validated on 42 CT scans coming from
both the SLIVERO7 dataset and local hospitals [252].

Kim et al. addressed the task of multi-organ segmentation of liver, duodenum, kidneys,
and stomach with a 3D patch-based U-Net, trained with a standard six classes cross-entropy
loss function. The authors concluded that the proposed method presents comparable results
with inter-observer annotation of organs and outperforms atlas-based methodologies. Graph-
cut post-processing proved to be useful as refinement in the segmentation setup [253].

Altini et al. developed a liver parenchyma and vessels segmentation method from CT
scans in a surgical planning setup. The authors exploited 2.5D V-Net and compared different

variants of Tversky Loss, exploiting ADAM optimizer [256]. The authors found a very
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beneficial effect on hepatic vessels segmentation, resulting in an increase of the Recall index.
In general, Tversky Loss should be considered for cases in which there are much more
“negative” examples than “positive” ones, such as precise segmentation of small anatomical
parts. Morphological post-processing helped the authors with the liver segmentation task
[56].

2.2.3.3 Adversarial Loss setups

Xia et al. proposed an improvement over a basic framework with DeepLab-v3, introducing
the pix2pix network as the GAN. The proposed model allows combining deep features
with multi-scale semantic features for realizing the segmentation. The authors exploited a
combination of three components in the loss formulation: segmentation-based loss (which is
the standard multi-class cross-entropy loss), content-based loss (the function of the generator
output), and adversarial-based loss (the function of the discriminator output). The proposed
adversarial framework manages to overcome the space inconsistencies problems [254].
Yang et al. proposed an automatic Liver Segmentation setup exploiting an adversarial
Deep Image-To-Image Network (DI2IN). They proposed a method trained on an annotated
dataset containing 1000 CT volumes with variations in scanning protocols and patients
conditions. DI2IN is designed as a symmetric convolutional encoder-decoder. All the blocks
are 3D convolutional layers and bilinear upscaling ones. The adversarial network provides an

additional loss contribution for updating the generator parameters during the training process
[255].

2.2.3.4 Summary

A qualitative comparison of the considered methodologies and approaches for liver seg-
mentation is reported in Table 2.4, whereas a quantitative comparison is reported in Table
2.5.

Significant differences can be observed among considered approaches due to datasets,
sample sizes, kind of architectures, exploitation of 2D images or 3D ones, and assessment
measures. Sophisticated 2D architectures (or, even better, 2.5D ones) can provide perfor-
mances similar to 3D ones. The most used architectures are U-Net or its variations, as 2.5D
V-Net [56], U-Net++ [88] or H-DenseUNet [87].

There is an amount of publicly available datasets which can be exploited to train and
validate models for liver segmentation. In fact, publicly available datasets are used, at least

partially, in almost all the papers dealing with the segmentation of liver images. The most
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used datasets are SLIVERO7 [126], 3D-IRCADD and LiTS [127]. Thanks to the LiTS dataset,
it is now possible to have more than one hundred CT images with annotations of liver and
lesions. It is worth noting that top-performing approaches include LiTS as a training set.
With the exception of Taleb et al. [115], the other considered works only analyzed CT images
for the task of liver segmentation.

Dice coefficient is the most widespread similarity measure for assessing performances of
semantic segmentation of liver images. Moreover, VOE, RVD, ASSD, MSSD, which are
among the quality measures for the SLIVERO7 [126] and LiTS [127] challenges, also have
become widely adopted.

Different authors found advanced post-processing techniques, like CREF, to have a benefi-
cial effect on the segmentation performances [147, 249, 250]. Adversarial training applied
to 2D images can allow obtaining performances on par with 3D architectures, for instance
by exploiting pix2pix [254]. Moreover, adversarial approaches mitigate problems such as
holes in the segmentation, since the discriminator can recognize this kind of artifact during
the training process. SSL can enable to learn rich semantic feature representation that can be

exploited to perform an accurate liver segmentation [115, 116].

2.2.4 Liver Segments Classification for Surgical Planning

There are some approaches proposed in the literature for liver segments’ classification. Most
of the published research tries to obtain the segments from an accurate modeling of the liver
vessels.

Oliveira et al. employed a geometric fit algorithm, based on the least-squares method, to
generate planes for separating the liver into its segments [239].

Yang et al. exploited a semi-automatic approach for calculating the segments [241]. The
user has to input the root points for the branches of the portal vein and the hepatic veins,
and then, a Nearest Neighbor Approximation (NNA) algorithm is implemented to assign
each liver voxel to a specific segment. The classification was very straightforward: the voxel
belonged to the segment whose branch was nearest to that voxel.

Among the approaches that aim to directly classify liver segments, it is worth noting the
work of Tian et al. [210], who offered the first publicly available dataset for liver segments’
classification. They realized an architecture based on U-Net [72], but with considerations
for the Global and Local Context (GLC), resulting in a model that they referred to as GLC
U-Net.
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Yan et al. collected a huge CT dataset, composed of 500 cases, to realize CAD systems
targeted at the liver region [257]. The ComLiver datasets include labels for liver parenchyma,
vessels, and Couinaud segments. For the task of performing Couinaud segmentation, the
authors compared only 3D CNN models, namely FCN [75], U-Net [72, 73], U-Net++ [85],
nnU-Net [258], Attention U-Net (AU-Net) [259], and Parallel Reverse Attention Network
(PraNet) [260].

2.2.5 Vertebrae Segmentation and Identification

The spine plays a primary role in sustaining and supporting the human body and shielding
organ structures while allowing the full body mobility. It also protects the spinal cord from
injuries and mechanical shocks due to impacts [261]. The anatomic complexity of the spine,
which consists of 33 vertebrae, 23 intervertebral disks, the spinal cord and connecting ribs,
often leads to an under-diagnosis of spinal pathologies [262]. The spinal surgeon is faced
with the need of robust algorithms to segment and create a spine model, leading to the
development of Computer-Assisted Surgery (CAS) systems [263]. The knowledge of the
shape of single vertebrae can aid early diagnosis of degenerative disorders, spinal deformities
or trauma and support surgical planning [264]. CT is the most spatially accurate imaging
modality to assess the three-dimensional morphology of the vertebra [265].

The most significant challenges in the context of vertebrae segmentation and identification,
including large-scale vertebrae segmentation challenges (VerSe‘19 and VerSe‘20), have
been organized during the MICCAI international conferences [266, 267]. The data of
Verse‘19 are composed of 160 CT scans, whereas that of Verse ‘20 comprise 300 CT scans.
Previously available datasets from other challenges in the spine imaging domain are much
smaller. Examples include the Computational Spine Imaging 2014 Workshop, targeted at the
segmentation of the thoraco-lumbar spine, which consists of 20 images [265, 268], and the
online challenge xVertSeg, targeted at the segmentation of the lumbar spine, composed of 25
samples [264].

When elaborating spine imaging data, vertebrae classification and vertebrae segmentation
are two pivotal tasks. Applications span from diagnosis (detecting and grading of vertebral
fractures, spinal curve estimation, identification of spinal deformities), to biomechanical
modeling and surgical planning for metal insertions. As a radiological imaging technique,
CT scans are the gold standard for assessing the ‘bone’ part of the spine, since they guar-
antee high bone-to-soft-tissue contrast [261]. Several methods have been proposed in the

literature for vertebrae segmentation and labeling. Traditionally, spine segmentation has
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been approached predominantly as a model-fitting problem; however, more recent spine

segmentation techniques focused on DL-based methods [269].

2.2.5.1 Related Work

Kim et al. developed a web-based tool for spine imaging data segmentation from CT scans
[270], exploiting deep learning-based methodologies, especially the U-Net architecture [72].
The tool was implemented in Python with the Keras library for the data processing side,
whereas a Flask server framework was developed for providing accessibility over the web.
The U-Net was trained on 310 images from CT scans, validated on 20 images and tested on
only 14 images. This approach allowed the authors to obtain a Dice coefficient of roughly
90% for the binary spine segmentation task.

Vania et al. proposed a method for the automatic spine segmentation from CT scans
using CNN via the generation of redundant class labels [263]. The implemented architecture
consisted of two convolutional layers and three fully connected ones. Besides classes for
background and spine, two redundant classes were generated by dilating the spine mask.
This approach allowed the authors to obtain a Dice coefficient of 94% for the binary spine
segmentation task.

Qadri et al. developed an automatic approach, named patch-based deep belief networks
(PaDBNSs), for vertebrae segmentation in CT images [271]. Deep belief networks (DBNs)
are DL models composed of stacked Restricted Boltzmann Machines (RBMs) [272]. Their
proposed model allowed them to automatically select the features from image patches and
measure the difference between classes. Unsupervised learning was exploited for weight
initialization, whereas supervised fine-tuning was used to update weights. One strength
offered by this methodology is the considerable reduction in the computational cost while
retaining good performances.

Zareie et al. [273] proposed two methods for vertebrae segmentation in 3D CT images.
The first is based on a multi-layer perceptron neural network (MLPNN), which used seven
gray-level statistical features to classify each voxel as vertebrae or background. The second
method implemented an Adaptive Pulse Coupled Neural Network (APCNN) to segment
vertebrae and used a median filter to refine the results. This network was a modified version
of the one proposed by Chang et al. [274], in which the parameters were adjusted adaptively
according to the input image. The performances of both systems were calculated in terms of
DSC (definition is provided in Section 2.1.7) on seventeen 3D vertebrae CT images of the
thoracic and lumbar spine of both normal and abnormal cases. The results compared four
different models: the PCNN developed by Chang et al. [274], the APCNN, the MLPNN with
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all seven features and the MLPNN using only the intensity level of each voxel as a feature
(MLPNN1f). In addition, the robustness of APCNN and MLPNN was evaluated by adding
salt-and-pepper noise to the images. It was shown that the APCNN performed better than the
other methods with a DSC of 95%, being less sensitive to noise than the MLPNN and more
adjustable to each image than a classic PCNN.

All the works considered so far did not address the recognition of the different vertebrae,
which is a considerably more complicated task than the binary spine segmentation. Slightly
more sophisticated approaches can allow vertebrae identification as a post-processing step
after the spine segmentation stage, using simple and not-trainable techniques, which do not
require apposite dataset preparation.

Bae et al. proposed a fully automated approach for 3D segmentation and separation of
multiple cervical vertebrae in CT images exploiting a 2D CNN [275]. The authors trained
a 2D U-Net model for performing the spine segmentation, considering two classes for the
superior and the inferior part of the vertebra, obtaining accuracies comparable with the inter-
and intra-observer variability of the manual segmentation performed by human experts. In
order to separate the vertebrae, the authors proposed a post-processing stage. In the first part,
each class region continuity is assessed by using the connected component analysis to correct
mis-labeling errors. Then, a technique for detecting separation points across the superior and
inferior region was implemented. After having identified these points, voxels belonging to
superior and inferior part of the same vertebrae were merged, leading to a final segmentation
with distinct vertebrae.

In the realm of the methods proposed for the VerSe challenges, it is worth considering the
top three works from the VerSe‘19 challenge [261, 267, 269, 276] for their accurate results.
All the methods that have been proposed for these challenges also considered the vertebrae
identification problem.

Sekuboyina et al. [267] proposed a pipeline to localize and identify the vertebrae
on multidetector CT scans employing an improved version of the Btrfly Net [277]. The
Btrfly fully convolutional neural network works on sagittal and coronal 2D projections and
incorporates the spine localization and anatomic prior information using the adversarial
discriminators. The approach was tested on both a public dataset of 302 CT scans and two
in-house datasets with a total of 238 CT scans. On the public dataset, the network achieved
a vertebrae identification rate of 88.5%. On the in-house datasets, instead, with a higher
interscan data variability, an identification rate of 85.1% was obtained. One of the principal

limitations of the study was that it only considered 24 labels for C1-L5 and did not account
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for segmentation anomalies, such as L6, or transitional vertebrae, such as a lumbarized S1
vertebra.

Lessman et al. proposed iterative FCNs. The idea was that an instance memory keeps
information about previously segmented vertebrae. This memory was then combined with
an FCN. This network iteratively analyzed image patches, searched for the first not yet
segmented vertebra, which was recognized as completely or partially visible, so that partially
visible vertebrae were excluded from further analysis [269].

Payer et al. proposed a cascaded approach which involves three stages. In the first step, a
U-Net [72] variation was exploited to regress a heatmap of the spine centerline, which was
generated by combining Gaussian heatmaps of all the individual landmarks; this allowed to
locate the approximate position of the spine. In the second phase, SpatialConfiguration-Net
was employed to localize centers of the vertebrae bodies. It effectively combines local aspect
of reference points with their spatial configuration. In the last stage, a U-Net trained with
cross-entropy was exploited for the binary segmentation of single separated vertebrae [276].

A more detailed list of approaches considered for the VerSe challenges is presented in [261].

2.2.6 Prostate Fusion Biopsy

Prostate cancer is a major health problem and represents the most common cancer in the
male population, accounting for 18.5% of all the cancers diagnosed in humans [278]. The
number of new cases worldwide crossed 1,275,000 and caused approximately 360,000 deaths
merely in year 2018 (3.8% of all deaths caused by cancer in men) [279].

Numerous imaging modalities are exploited for prostate cancer diagnosis, treatment
and follow-up. The Transrectal Ultrasound (TRUS), MRI, and CT are the most common
employed imaging modalities [280]. Each technique provides different information and is
used for several divergent clinical scopes. During biopsy procedures, TRUS is commonly
employed since it is an inexpensive, portable and real-time methodology [281]. MRI is
mainly adopted for diagnosis and treatment planning [282]. In fact, this modality has a
better soft tissue contrast and allows a more efficient lesion detection and staging in patients
affected by prostate cancer.

As can be seen from Figure 2.6, the TRUS images suffer from problems as speckle, low
contrast and shadow artifacts [283]. Calcification and acoustic shadowing make the automatic
segmentation of prostate region a very complex task [284]. The prostate usually appears

like a hypoechoic mass encompassed by a hyperechoic region [285]. CT scans are useful in
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determining if prostate cancer has spread to bone tissues or to assess the effectiveness of the
brachytherapy [286].

In the clinical practice, majority of prostate cancer cases are diagnosed, prior to symptoms
development, thanks to the prostate-specific antigen (PSA) [287] levels in the blood and
rectal examination. In order to achieve more satisfactory information, MRI is the election
modality, with PI-RADS v2.1 being the standard for finding interpretation [288].

The standard prostate biopsy involves the extraction of 10 to 12 tissue samples. Since
there is no guarantee that sampling prostate in these regions is the most effective way to
obtain the regions with cancerous tissue, fusion guided prostate biopsy is becoming now the
preferred modality for most urologists and surgeons. In this way, suspicious areas found
in the MRI of the prostate can be targeted during the prostate procedure exploiting the
fusion with the real-time TRUS imaging, also allowing a better view of the biopsy needle.
Advantages of this approach comprises of the following: more accurate sampling of the
cancerous tissue in the prostate gland; less amount of patient tissue is extracted; less pain
and less risks for the patient, including faster recovery time [289].

In order to implement a fusion prostate biopsy framework, segmentation of prostate gland
must be obtained from both TRUS and MRI domains. Exceptions involve systems in which
images are manually registered by the user at procedure time, by superimposing MRI over
the TRUS. Since MRI is acquired days before the prostate biopsy, it is not fundamental
that its segmentation is performed real time. Even though, manual segmentation of prostate
from MRI is a tedious task and prone to inter- and intra-radiologist variation [290], so the
exploitation of an automatic method grounded on the nnU-Net framework [258] for this task
can further ease the procedure and improve its diagnostic accuracy. It is worth noting that nnU-
Net does not denote a novel network topology, loss function, or training procedure. Indeed,
nnU-Net stands for “no new net”. The strength of the nnU-Net framework comes from the
systematization of all the steps which were usually manually tuned in the training pipeline of
semantic segmentation architectures, including data augmentation, hyperparameters’ tuning,
test-time augmentation, and ensembling. Instead, manual segmentation of the prostate gland
from TRUS has to be realized real-time during the prostate procedure, therefore the need for
a fast and effective methodology for this task is really fundamental in the clinical practice.

Ghose et al. performed a comprehensive survey which focused on methods for prostate
segmentation in TRUS, MR, and CT images [280]. Prostate gland segmentation eases multi-
modal image fusion for tumor localization in biopsy. Manual annotation of radiological
images is a tedious and error prone task, which also has problems like inter- and intra-

radiologist variability. Fully automatic methods, as those based on DL, require huge annotated
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data, usually of the same transducer that will be used for the procedures, since there is a high
variability in ultrasound image quality across vendors. Nonetheless, when data is available,
DL methodologies show their strength, as is the case for Deep Attentional Features (DAF)
[291] and DAF 3D [292]. The shortcoming of these techniques is that they cannot be applied
before having acquired a dataset with images of the same ultrasound device that will be
adopted during procedures.

Mahdavi et al. [293] proposed a semi-automatic prostate segmentation method that can be
applied in prostate brachytherapy setups. The 3D geometric model of the prostate is created
based on prior knowledge of the shape of the gland and on the assumption that the prostate
has a tapered ellipsoidal shape and is slightly warped posteriorly due to the presence of the
TRUS probe. They used, as prior shape of prostate gland, a tapered and warped ellipsoid.
The proposed segmentation algorithm requires a manual initialization of the physician: on
the mid-gland image the user selects six boundary points following a specific criterion. The
main disadvantage of this method is that it requires the user to put initialization points in
a very precise way, and relies deeply on these points, posing problems if they are slightly
inaccurately placed or when the prostate region has an irregular shape.

Gong et al. [294] incorporated deformable superellipses in a Bayesian segmentation
framework, exploiting an edge detection algorithm for discovering prostate boundaries.
They show the capacity of deformable superellipses to capture the prostate shape in various
anatomical zones. The main limitation of this method is that it requires to have an initial
contour that is similar to the real boundaries of the prostate gland. To overcome this issue,
Saroul et al. [295] proposed a variational approach, exploiting the implicit representation of

a superellipse for modeling the active contour.

2.2.7 Lung COVID-19 Characterization

Since the beginning of the COVID-19 pandemic, researchers have focused on the association
between interstitial pneumonia related to the infection and onset of thromboembolic phenom-
ena. In fact, several researchers have found that the clinical aggravations of some patients are
correlated to an increase in some laboratory indices, such as D-dimers and fibrinogen, and to
the finding of pulmonary embolism (PE) or pulmonary thromboembolism (PTE) detectable
with a dedicated computed tomography angiography (CTA) study [296-298]. Therefore, the
onset of PTE in COVID-19 patients is considered a prognostically unfavorable event that
requires prompt treatment with low molecular weight heparin or other anticoagulants [299].

Other researchers have proposed elaborations based on neural topologies in case series of
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Fig. 2.6 Prostate gland in TRUS image. Prostate apex (ground truth mask in green) is not
well distinguishable from the rest of the image (red dashed box). Yellow circle represents an
example of region with low signal-to-noise ratio. Blue arrow denotes a shadow artifact.

COVID-19 patients in an attempt to provide alternative diagnostic screening tools to the
nasopharyngeal swab. The latter still represents the diagnostic gold standard, even if it is
expensive, with long sample processing times [300].

Prior to the start of the pandemic, the possibility to detect PTE from CT scans was already
considered in some studies [301-306].

Cobelli et al. performed a comparison between the CT with and without contrast medium.
Exploiting the supervision of an expert radiologist, the authors concluded that in 21 out of 51
examined cases, it was possible to detect the embolus in the unenhanced scan [301].

Mohamed et al. compared the diagnosis of pulmonary embolism from unenhanced CT
and CTA scans, by determining the sensitivity and specificity of direct and indirect signs
from the latter ones [303].

Sun et al. evaluated the detection of pulmonary embolisms on non-contrast CTs, which
were reviewed by two radiologists. Subsequently, a third radiologist performed a final
validation. The authors concluded that the non-contrast CTs were not sensitive enough to
detect the PE [304].

Tourassi et al. created a CAD system, based on ANNS, to predict PE from ventilation-

perfusion scans and chest radiographs. Their model outperformed physicians’ predictions
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[305]. Thus, the CTA scan is the election method for diagnosing PTE. Some researchers
opted to employ CT scans, but the results were not always satisfactory.

Several recent studies addressed the task of lung parenchyma and lesion segmentation
from CT scans in COVID-19 patients [307-317].

Wu et al. proposed a joint classification and segmentation (JCS) system in order to
address the issue of performing real-time and explainable COVID-19 diagnosis from CT
scans [307]. Akbari et al. developed a method for COVID-19 lesion segmentation from CT
images based on active contour models [308].

Cao et al. exploited a CNN based on the U-Net architecture for illustrating the potential
of deep learning-based quantitative CT scans for providing an objective assessment of
pulmonary involvement and therapy response in COVID-19 [309].

Rajinikanth et al. developed a method that relies on the firefly algorithm and multi-
thresholding based on Shannon entropy to enhance the pneumonia lesion. Finally, the
Markov random field segmentation is exploited to extract the lesions with higher accuracy.
According to the authors, the proposed workflow permitted to obtain a mean accuracy higher
than 92% for COVID-19 lesion segmentation [310]. Rajinikanth et al. also proposed an
image-assisted system to extract COVID-19 infected sections from lung CT scans in coronal
view. The approach considered by the authors incorporates the following steps: thresholding
to extract the lung region; image enhancement exploiting harmony search optimization and
Otsu thresholding; image segmentation and ROI extraction from the binary image to compute
the level of severity [311].

Ter-Sarkisov et al. proposed a one-shot model by exploiting Mask R-CNN [93] function-
alities for the COVID-19 classification and lesion segmentation in chest CT scans utilizing
the affinity between lesion mask features [312].

Zhao et al. built an open-source dataset composed of 349 COVID-19 CT images, coming
from 216 patients, and 463 non-COVID-19 CT images. They also performed experimental
studies for developing diagnostic methods based on multi-task learning and self-supervised
learning, achieving an Fj-score of 90%, an AUC-ROC (Area Under the Curve — Receiver
Operating Characteristic) of 98% and an accuracy of 89% [313].

Wang et al. presented their experience in building and deploying an Al system that
automatically analyses CT images and provides the probability of infection to rapidly detect
COVID-19 pneumonia. By exploiting 1136 training samples (723 were positive for COVID-
19) from five hospitals, the authors were able to achieve sensitivity of 97.4% and specificity
of 92.2% on the test dataset [314].
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Oulefki et al. realized an automatic COVID-19 lung infected region segmentation and
measurement approach from CT scan images. The automatic tool proposed by the authors,
compared to the state-of-the-art segmentation approaches, i.e., GraphCut, Medical Image
Segmentation (MIS), and Watershed, showed better results with an accuracy of 98% [315].

Zheng, Wang et al. proposed a deep learning-based method for COVID-19 detection
from chest CT scans, exploiting weak annotations. The lung region was segmented with
a pre-trained U-Net. Then the segmented 3D lung region was fed into a 3D deep neural
network to predict the probability of COVID-19 infection. The algorithm allowed to obtain
an accuracy of 90.1% [316, 317].

2.2.7.1 Radiomic Features Definitions

This section introduces definitions for the radiomic features considered for the research car-
ried out for this thesis. The interested reader may consult PyRadiomics documentation [318]
or the IBSI reference manual [319] for further information.

The gray-level co-occurrence matrix (GLCM) describes the second-order joint probability
function of an image ROL The (i, /)" element of this matrix represents the occurrences of
levels i and j separated by & voxels along the 6 direction in the image; that is Pgrep (i, J |
0, 0). PyRadiomics by default computes the symmetric GLCM, resulting in a symmetric P
matrix. The normalized version can be obtained as in Equation (2.28).

.. Perem(i,j
perem(i, j) = Porculiy )

— 2.28
Y Porem(i, ) (2.28)

Then, the GLCM maximum probability (M Pgrcar) can be defined as in Equation (2.29).

MPgrem = max perem (i, ) (2.29)

In order to define the GLCM inverse variance (IVgrcuy), the diagonal probabilities need to be
introduced, as in Equation (2.30):

Ng Ng
Pey() =YY porem(is j) (2.30)
i=1j=1



2.2 Radiomics and Deep Learning in Radiology 53

with | i—j|=k; k=0,1,...,N, — 1; N, represents the number of discrete intensity levels in

the image. Then, IVgrcpr can be defined as in Equation (2.31):

Ne—1 L
NVorem= Y p’“kyz( ). (2.31)
k=1

The GLCM cluster shade (CSgrcy) measures the skewness and uniformity of the GLCM,
and can be defined as in Equation (2.32):
Ng Ng
CSerem =Y. Y. porem(i,j) - (i+j— e — py)? (2.32)
i=1j=1

where 1, and (1, can be defined as in Equation (2.33) and Equation (2.34), respectively.

Ng
te=Y i px(i) (2.33)
i=1
Ng
wy=3 j-py(j) (2.34)
j=1
Lastly, p,(i) and p,(j) can be represented as in Equation (2.35) and Equation (2.36), respec-
tively.
Ng
p(i) = Y, Porem(is j) (2.35)
j=1
Ng
py(J) =Y. Porem(i, J) (2.36)

i=1
The gray-level size zone matrix (GLSZM) measures the number of zones of the connected
voxels that have the same gray-level intensity. The (i, /)" element represents how many
zones with gray-level i and size j appear in the image. The GLSZM will be denoted as
Pgrszm (i, j). The normalized GLSZM, pgrszum(i, j), can be obtained as in Equation (2.37):

Porszm(i, j)

N. (2.37)

perszm (i, j) =

where N, is the number of zones in the ROI.
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The GLSZM gray-level variance (GLVsz)) measures the variance in gray-level intensi-
ties for the zones, as shown in Equation (2.38):

Ng N

GLVorszm = Y, Y, porszm i, j) - (i — Horszm)® (2.38)
i=1 =1

where N; is the number of discrete zone sizes in the image and Ugrszy can be defined as in

Equation (2.39):
Ng NY

Ucrszm = Y, Y, i+ porszm (i, j) (2.39)
i=1j=1

Gray-level dependence matrix (GLDM) portrays the gray-level dependencies in an image.
They are defined as the number of connected voxels inward a distance 0 from the center
voxel. If | i — j |< a, where « is a customizable cutoff parameter, the neighboring voxel
with gray-level j is regarded as dependent on the center voxel having gray-level i. The
(i, /)™ element describes the number of times a voxel with gray-level i with j dependent
voxels in its neighborhood appears in the image. The GLDM will be denoted as Pgrpa (i, j)-
The normalized GLDM, pgrpum(i, j), can be obtained as in Equation (2.40):

Prpm(i, j)

pcrom(i, j) = N (2.40)
dz
where N, is the number of dependency zones in the ROL.
The GLDM dependence entropy (DEgrpyr) can be defined as in Equation (2.41):
Ng Ny
DEGrom = — Y, Y., porom (i j) 102, (prom (i, j) +€) (2.41)

i=1j=1

where N, is the number of discrete dependency sizes in the image and € is a small constant
for avoding numeric errors.

Gray-level run length matrix (GLRLM) analyzes gray-level runs, namely the number of
consecutive voxels having the same gray-level value. In a GLRLM, (i, j)’h element represents,
along a given direction 6, the number of runs with gray-level i and length j which occur
in the image. The GLRLM will be denoted as Pgrgra (i, j | €). The normalized GLRLM,
peLrim (i, j | 0), can be obtained as in Equation (2.42):

Porrim(i,j | 0)
N,(0)

pGLrim(is j| 0) = (2.42)
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where N,(0) is the number of runs in the image along the direction 6.
GLRLM gray-level variance (GLVgrrra) assesses the variance in gray-level intensities

for the runs, as defined in Equation (2.43):

Ng Nr

GLVrrim =— Y. Y. porrim(i,j | 0) - (i — torrim)? (2.43)
i=1j=1

where N, is the number of discrete run length in the image and Ugrrra 1s defined as in

Equation (2.44).
Ng Ny
Uorriv = Y, Y i porrim(irj | 6) (2.44)

i=1j=1
The long-run low gray-level emphasis (LRLGRLE) measures the joint distribution of
long-run length with low gray-level values, as defined in Equation (2.45):

ZNH Nr Porrim (i,j]0) /2
i=1 =1 i2

LRLGLRE =
N (6)

(2.45)

Neighboring gray-tone difference matrix (NGTDM) evaluates the dissimilarity between
a gray value and the average value of the neighboring voxels inward a distance 8. Inside the
matrix, the absolute differences sum for gray-level i is stored. Let Xg; be a set of delineated
voxels and x,; (jy, jy) € Xg be the gray-level of a voxel at location ( jy, jy), then the average

gray-level of the neighborhood (A;) can be defined as in Equation (2.46):

IO IR R U
A=Al =3 L L Xalitkojy+h) (2.46)
ky=—8 ky=—8

where (ky,ky) # (0,0); xo1(jx + kx, jy + ky) € Xg; W represents the number of voxels in
the neighborhood.

The contrast (Cygprar) 1S @ measure of spatial intensity variability, and can be defined as
in Equation (2.47):

Ng Ng 1 Ng
C = i — i 2.47
NGDTM ng(ng ZZP pj(i N Ys (2.47)

l 1j= P i=1

with p; #0, p; # 0; N, , is the number of gray-levels where p; # 0; N,,, is the number of
voxels in X g3 pj, i = 1,..., Ny is the relative frequency of the i gray-level; s; = Y | i — A; |.
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Inside the realm of first-order statistics, the skewness (g1) measures the asymmetry of the

distribution of values about the mean value, and can be defined as in Equation (2.48):

1 «Np . &\ 3
LyN vy _ %
g1 = w, Zizt (K0~ %) (2.48)

(NLp Zi'\ll (X(i) _X)z> 3/2

where N, is the number of voxels in the image.

2.3 Pathomics and Deep Learning in Digital Pathology

Digital Pathology is changing the way in which histopathological diagnosis is made. Indeed,
in current clinical practice, Digital Pathology is progressively becoming a technological
prerequisite for scientific laboratories [9]. The factors which are contributing to this change
of paradigm include the availability of whole-slide imaging, fast computer networks and
low-cost storage solutions, which are easing the management and sharing of WSIs for the
pathologists [9]. Furthermore, the advent of Machine Learning and Deep Learning solutions
for the automatic processing of histopathological tissue is offering possibility for image-
based diagnosis, prognosis and treatment. Computer-aided Diagnosis and Clinical Decision
Support Systems can have a pivotal role in assisting pathologists, extending their perspective
with precise quantitative analysis.

An emerging paradigm which is linked to Digital Pathology is Pathomics. According
to Niazi et al. [320], the term Pathomics refers to the possibility of incorporating the
broad range of image analyses data to extract quantitative features that can characterize
diverse phenotypic characteristics of tissue samples in WSIs. Image analysis workflows
in Digital Pathology involve object detection, segmentation, labeling and classification of
tissue, considering histological features such as architectural elements, nuclei, and cells. The
traditional histopathological assessment carried out by pathologists can be accompanied by
quantitative features which map phenotypic patterns. The fundamental aim of these analyses
is to blend pathomics with clinical, radiological, and genomic data to obtain models capable

to predict clinical outcomes and response to treatment in the most accurate way [320].

2.3.1 Stain Color Normalization in CRC Histopathology

CRC is the second cause of death for cancer with mortality reaching almost 35% [321]. In the

last few years, new targeted therapies have been developed gaining significant improvement
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in clinical outcomes for several malignancies. To date, a shift from tumor cells to the
tumor microenvironment (e.g., for immunotherapic treatments) highlighted the importance
to know cell-cell interaction in the context of tissue morphology. As an example, there is a
growing interest in the knowledge of the spatial location of transcriptomic data. Thus, the
segmentation of tissue types is required to better perform spatial analyses, such as for the
selection of relevant regions of interest. Moreover, it is well-known that stroma-rich CRC
has a poor prognosis [322], and a tissue segmentation pipeline could be helpful in prognosis
prediction.

Image processing and DL techniques can be exploited for the automatic analysis of
histological images, e.g., tissue type classification. The traditional workflow for realizing
an image classifier is composed of several stages, i.e. preprocessing, feature extraction,
dimensionality reduction, and classification, that can be obtained with models like SVMs,
Decision Trees (DTs), and ANNs. DL-based workflows, instead, can enable end-to-end
training of the models, easing complex steps, such as handcrafted feature extraction, and
leading to performance improvement. These techniques can be exploited for developing
CAD systems which can enhance pathologists’ workflows, reducing issues concerning intra-
and inter-pathologist variability [323].

Nevertheless, a fundamental problem regarding the histopathological classification of
images arises from the differences in colors between tissue samples from different institutions.
Indeed, a complex protocol composed of several steps, namely (i) collection and fixation, (i)
dehydration and clearing, (iii) paraffin embedding, (iv) microtomy, (v) staining, (vi) mounting,
and (vii) digitalization, is required for Digital Pathology workflows [323]. Artifacts and
differences among laboratories can be introduced at any of these stages [51].

Stain color normalization is therefore a pivotal pre-processing step for successfully
deploying Deep Learning CAD frameworks in Digital Pathology setups [324, 325]. Currently,
the taxonomy of stain color normalization methods comprises: (a) global color normalization;
(b) color normalization after stain separation; (c) color transfer with deep neural networks
[51]. The first two approaches involve traditional image processing techniques, whereas the
third harnesses the power of DL. Indeed, in recent years, the possibilities offered by GANS,
to effectively implement color transfer between histopathological images, are improving the
capabilities of classification systems by creating higher quality normalized images [326].
Other authors considered the problem of stain color normalization in nuclei segmentation
pipelines [327], or for normalization of tissue of breast and prostate cancers [328, 329], but
most of these works limit their analysis on cGAN [330], CycleGAN [99] and its variants, as
Residual Cycle-GAN [21].
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The Image-to-Image Translation paradigm [330] can be thought as a general framework
to tackle a variety of image analysis problems, such as segmentation, color normalization,
reconstruction of original images from labels, and conversion from one source modality
to another, among the others. This approach consists in training a conditional GAN for
translating images from a source domain to a target domain; however, such architectures need
a dataset with paired images for setup and training. On the other hand, CycleGAN and several
subsequent works focused on the idea to offer this translation having only the domain as the
label, without the need for paired data, leading to the concept of Unpaired Image-to-Image
Translation (UI2IT). This paradigm allows to construct datasets for normalization in a manner
that is affordable for Digital Pathology laboratories, as paired image data is normally not

available, especially when data come from two distinct institutions.

2.3.1.1 Related Works

Colorectal Cancer Tissue Classification The issue of classifying epithelium and stroma
from digitized tumor tissue microarrays (TMAs) has been considered by Linder et al. in
2012 [331]. In the feature extraction phase, the authors took advantage of LBP (Local Binary
Patterns) and LBP/C, where C is a contrast measure. Other features considered were Gabor
filtered images and Haralick texture features [332, 333]. Employing an SVM classifier, the
authors stated that the LBP/C-based is the best one, with an AUC-ROC of 0.995.

Kather et al. considered a multi-class tissue classification in the domain of colorectal
cancer histopathology [334]. During the feature extraction stage, they considered several
categories of features, after having transformed the original color images into gray-scale
ones: histogram features, of both lower-order and higher-order; LBP; Gabor filters; GLCM;
perception-like features. For the classification step, the authors investigated four classifiers:
decision trees, linear SVM, radial-basis function SVM, and 1-nearest neighbor. The same
feature set can obtain higher results by exploiting red channel versions of images instead of
gray-scale ones [20], even though this observation holds mainly for unnormalized images.
Kather et al. also exploited the capabilities of CNNs for the sake of classifying CRC H&E
histopathology images of The Cancer Genome Atlas (TCGA) composed of 862 WSIs [25].

From the literature analysis of works for CRC tissue classification, it emerges a lack of
exploration of methodologies for stain color normalization. Indeed, most of these studies are
tailored to discover the most efficient features or classification architecture for the task in

hand, without a proper consideration of the pre-processing steps as stain color normalization.
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Stain Color Normalization for Colon Histological Tissue Several DL-based methods
have been proposed to tackle the stain color normalization problem for histopathological
tissues including the colon [21, 327, 335-337].

Bentaieb et al. proposed a stain transfer based approach for stain color normalization
[335]. The authors designed a discriminative image analysis network that has the capability
to relocate stains between different datasets. Their architecture is composed of a generative
network devoted to learning both dataset-specific staining properties and image-specific
color transformation, and a task-specific network which is exploited for the downstream task
(as segmentation or classification). Their model can be trained end-to-end by exploiting a
multi-objective loss. The authors conclusion states that their model is capable of improving
the results, both for what concerns the quality of normalized images, and the accuracy of the
networks for the downstream tasks, over various baselines.

Pontalba et al. evaluated the impact of several existing methodologies for stain color
normalization in a setup for nuclei segmentation [327]. The considered normalization tech-
niques comprise histogram specification, color transfer, stain specific color transfer, spectral
matching, and CycleGAN. The authors also considered several measures for assessing quality
of normalized images, besides evaluating results of the downstream segmentation task. To
enhance the CycleGAN capabilities, de Bel et al. proposed an improvement over the base
model, with the embodiment of residual learning, devising an architecture that they define as
Residual CycleGAN [21]. The authors compare the performance of their stain normalization
approach, also with respect to data augmentation, to prove the robustness of the downstream
segmentation networks. The considered downstream applications include segmentation from
colon and kidney tissue samples.

Shen et al. noted that the transformation induced by GANs can cause information loss, or
suffer from problems such as mode collapse, damaging results for the subsequent diagnostic
task [336]. To solve this problem, they devised a contrastive learning method with a color-
variation constraint, to retain the recognizable phenotypic features when using a GAN for
stain color normalization. Self-supervised learning allows to cluster discriminative tissue
patches between several types of tumors.

Kausar et al. introduced a deep model, which they defined as Stain Acclimation Genera-
tive Adversarial Network (SA-GAN), which has an architecture that comprises one generator
and two discriminators [337]. As usual, the purpose of the generator is to transform images
from the source domain to the target domain. The two discriminators, instead, have different

roles: the first one enforces the generated images to retain the color patterns of the target
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domain, whereas the second one enforces the generated images to maintain the structure
contents of the source domain.

With respect to the work summarized for the stain color normalization, it is possible
to observe that: (i) other authors have not applied these techniques for the application of
multiclass CRC tissue classification; (ii) other authors did not always found a suitable way
to include pathologists evaluations or to correlate them with existing metrics for assessing
GAN-generated image quality or accuracy of the downstream task; (iii) other authors have
not explored the whole UI2IT framework, but rather focused on single models, especially
those similar to CycleGAN [21, 327] or contrastive learning [336].

2.3.2 Nuclei Detection from Histopathological Images

In the healthcare scenario, artificial intelligence is exploited in medical imaging as a powerful
tool with which to characterize objects of interest and lesions in anatomical regions under
consideration. Traditionally, pathologists manually analyze numerous biopsies or tissue
samples to diagnose complex pathologies, such as cancer. Even though it is tedious and
time-consuming, this approach remains the gold standard [338, 339].

Computational pathology attempts to overcome the main challenges arising from manual
histological image evaluation, such as inter- and intraobserver variability or the inability to
evaluate the smallest visual features and the time required to examine WSIs [23, 338, 340].

The nuclei of cells provide a large amount of information for the analysis of histopatho-
logical tissue. For instance, immunohistochemistry-marked nuclei can be exploited for the
estimation of cellular proliferation in cancer (e.g., Ki-67). Hence, nuclei segmentation is
a fundamental first step toward the automated analysis of WSIs [341]. However, the dif-
ficulties associated with variable coloring arising from H&E-stained images, overlapped
nuclei, the presence of artifacts, and differences in cell morphology and texture, represent
obstacles for computer-based segmentation algorithms [23, 339]. Moreover, WSIs have
very high resolutions and contain an enormous number of nuclei, adding peculiarity to the
task [342]. A critical aspect in several computational pathology pipelines is to achieve
accurate segmentation of nuclei both for subsequent extraction and classification of nucleus
features, but also for analyzing cellular distribution, useful for classifying tissue subtypes
and identifying abnormalities [23].

Several studies focused on nuclei detection because of its importance in the pathologic
diagnostic pipeline, in particular in the field of oncology. As an example, nuclei detection

could be helpful to distinguish nuclei undergoing changes, indicating a progression of
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squamous epithelium cervical intraepithelial neoplasia [343]. Moreover, the estimation of
tumor cellularity is very important, particularly in the era of precision medicine. Indeed,
bioinformatic pipelines for copy number variation analysis require tumor cellularity as input
and for a correct evaluation of variant allelic frequency [344].

Machine Learning-based nuclear segmentation methods are typically the most efficient,
as they can learn to identify variations in the shape and coloration of nuclei. In the semantic
segmentation [33, 35] approach, all image pixels are labeled as nuclear or background
through a deep learning model. Nevertheless, these methods often fail to distinguish the
different instances of objects of interest, i.e., nuclei, which then need to be addressed with ad
hoc post-processing techniques, such as clustering [18].

The detection task can be approached by exploiting morphological features. CRIm-
age [345] profits from thresholding as the first step for nuclei detection. Centroids of seg-
mented nuclei are used as the point of detection. Then, a list of statistics for each segmented
nucleus is utilized as a feature vector, and classification involves a support vector machine
with radial basis kernel. Finally, spatial density smoothing is used to correct false detections.

LIPSyM [346] introduces the local isotropic phase symmetry measurement, designed
to give high values to cell centers and nearby pixels; on the other hand, it cannot precisely
detect spindle-like and other irregularly shaped nuclei such as fibroblasts and malignant
epithelial nuclei.

In the last several years, CNNs are emerging as the most effective way to tackle the
nuclei detection task. In particular, the spatially constrained convolutional neural network
(SC-CNN) [347] uses spatial regression for localizing the nuclei centers; the regression in
SC-CNN is model-based, which explicitly constrains the output form of the network.

Xu et al. [342] used a stacked sparse autoencoder (SSAE) to learn a high-level represen-
tation of nuclear and non-nuclear objects by means of a softmax classifier.

Finally, the R2U-Net-based regression model named “UD-Net” [340] is proposed for end-
to-end nuclei detection from pathological images. The recurrent convolutional operations
help the model learn and represent features better than the feed-forward convolutional
operations, and the robustness of the R2ZU-Net model has been demonstrated previously in

several studies [348].

2.3.3 Computer-Aided Diagnosis for IgA-GN Oxford Classification

In the realm of nephropathology, a fundamental role is reserved to the assessment of glomeru-

lar structures and potential lesions. IgA Glomerulonephritis (IgA-GN) is a longterm lethal
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disease that results in kidney failure if left untreated. Oxford MEST-C [349] score is an
international consensus scale which can be used to evaluate I[gA Nephropathy [350], evaluat-
ing different aspects: Mesangial hypercellularity (M), Endocapillary hypercellularity (E),
Segmental Sclerosis (S), Tubular Atrophy (T), and Crescents (C).

The existing literature on glomeruli image modalities backed by CAD systems consider
either one or two of the several aforementioned pathological features [351-353]. The patho-
logical conclusions made under partial scores pose limits to the diagnostic and prognostic
accuracy. Few works opted to investigate in-depth the possibility to build a CAD system
which can be used for a full evaluation of the glomerular structures and lesions [354].

2.3.3.1 MEST-C Score

Once IgA nephropathy is diagnosed, MEST-C scoring is adopted to study the seriousness
level of the disease. The MEST-C score embraces five key indicators illustrated hereunder. A

reference article for Oxford classification of IgA nephropathy is available at [349].

* Mesangioproliferation (M). The Mesangio cells reside somewhere between the tuft
and network of capillaries. The mesangioproliferation is referred to the expansion of
mesangial cells characterized by pink color inside the glomerulus. The binary score is
given to quantify presence of mesangial cells with 1 being more than 50% of presence

in glomeruli and 0 otherwise.

* Endocapillary Hypercellularity (E). The Endocapillary Hypercellularity refers to the
increased existence of cells in lumen of capillary which prevents the normal flow of
the blood among cells by blocking the lumina. For the purpose of scoring, the binary
numbers 0 and 1 indicate the absence and presence of Endocapillary Hypercellularity,

respectively.

* Glomerulosclerosis (S). The Glomerulosclerosis affects the filters present inside the
kidney which serve as blood purifiers. If these filters are blemished, the blood filtration
stops which leads to kidney failure. In standard Oxford score definition, the threshold
for segmental glomerulosclerosis is set to 50%, and labeled as O in case of tuft damaged
less than half.

* Tubular Atrophy (T). The Tubular Atrophy is an injury that reduces the diameter of
tubules by stiffening the basement membrane of the tubule. Unlike earlier scores, it

is measured in terms of the occupied areas of the cortical in percentage. The values



2.3 Pathomics and Deep Learning in Digital Pathology 63

range from 0 —25%, 26 — 50%, and 51 — 100% of the invloved areas are given score
of 0, 1, and 2, respectively.

* Cellular or Fibrocellular Crescent (C). The Cellular or Fibrocellular Crescent refers to
the availability of spread of proliferating capillary cells over the urinary space. The
appearance of two or more extra-capillary cells in the Bowman’s space denotes the
crescent. The score is given 1 in case of less than 25% of damage of glomeruli and 2

in case of more than 25%, whereas 0 refers to unavailability of extra-capillary cells.

2.3.3.2 Related Works

Recently, Weis et al. [353] employed twelve Transfer learning (TL) based CNN models
trained on two independent datasets and tested on third labeled dataset to distinguish nine
glomerular findings. The authors were able to reach the maximum accuracy of 0.944 and the
kappa value of 0.938 using ResNet-152 architecture.

Sato et al. [355] proposed a fine-tuned Neural Architecture Search Network (NAS-Net)
based unsupervised framework for feature extraction and later autoencoder for evaluation
using Oxford classification on images of the glomeruli of kidney biopsy.

Similarly, a CNN based InceptionV3 is modified to classify seven different pathological
patterns on 15,888 glomerular images based on majority voting among nephrologists and Al
system in [354]. The top performance is showed by global sclerosis with AUC for Periodic
Acid-Schiff (PAS) staining equal to 0.986. However, the results of Al in segmental sclerosis,
endocapillary proliferation, membrane proliferation, and crescent formation can be improved.

In [351], the detection results of Machine Learning (ML) and DL on only mesangial
hypercellularity are compared considering a small dataset of 138 glomerulus images. The
k-Nearest Neighbors (k-NN) and SVM are compared to AlexNet, GoogLeNet, ResNet, and
Inception-v3. The modified AlexNet produced the accuracy, sensitivity, and specificity of
0.90, 0.90, and 0.80, respectively.

Another study incorporates CNN based modified model for feature extraction and SVM
for the binary classification glomerulus (healthy or injured) [352]. The study was also
extended to multiclass classification of particular hypercellularity lesions. The binary classi-
fication was able to reach 0.996, 0.997, 0.995, and 0.996 of precision, recall, Fj-score, and

accuracy, respectively.



Chapter 3

Radiomics and Applications of Deep

Learning in Radiology

3.1 Liver Segments Classification for Surgical Planning

Liver segmentation is a pivotal task in abdominal radiology, as it is essential for several
clinical tasks, including surgery, radiotherapy, and objective quantification [170]. In addition,
several pieces of clinical evidence over the last few decades have demonstrated the necessity
to go beyond the conception of the liver as a single object (from a morphological perspective),
but rather to consider the liver as formed by functional segments [356].

Couinaud’s classification [237] of liver segments is the most widely adopted system for
this purpose, considering its usefulness in surgery setups. The separation of these anatomical
areas can be exploited for tumor resections in CAS systems [241], allowing surgeons to focus
on different segments. In this way, a surgeon can avoid removing healthy liver parenchyma,
by performing a segmentectomy, also reducing the risk of complications for the patient [238].

In this section, a workflow for the segmentation of the liver segments is described. This
task may be carried out directly or be preceded by the segmentation of the liver parenchyma.
Although literature exists for both approaches, the experiments carried out for this thesis
revealed that liver parenchyma segmentation is not needed to train a multi-class classification
DL model on liver segments, since applying liver masks to the volumes reduces the context.
Nonetheless, other authors found this step useful [210], therefore it may depend on the

specific implementation.
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3.1.1 Materials

The MSD 08 dataset [204] has been used for the purpose of training and validating the models
described in this section. This dataset is composed of 443 portal venous phase CT scans.
The pixel spacing in the x/y direction is in the range [0.57,0.9], whereas the thickness lies
between [2.5,5.0]. Liver segments’ annotations (n = 193) have been realized in a research
work by Lenovo [210]. The dataset split has been carried out as follows: 168 CT scans
formed the training set and 25 CT scans composed the validation set. For the selected training
set, the frequencies of class values for each segment are represented in Table 3.1. Some
examples from the MSD 08 dataset with the annotations of the Lenovo team are depicted

in Figure 3.1. As pre-processing, images were clipped to the Hounsfield Unit (HU) range

[—150,350] and then rescaled in the range [0, 1], as already performed in [56].

Fig. 3.1 Medical Segmentation Decathlon Task 08 dataset. CT scans from Simpson et al.
[204], annotations from Tian et al. [210]. Left: original slices; middle: slices with segments’
annotations; right: meshes’ reconstructions of annotations.
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Table 3.1 Class distribution for the selected training set. Sample (n=168) from Medical
Segmentation Decathlon Task 08 dataset.

Class Voxels Frequency f; (%) % log < %k)
Background 2,561,653,684 95.35 1.05 0.0476
Segment | 5,653,635 0.21 475.17 6.1637
Segment I1 15,076,888 0.56 178.18 5.1828
Segment 111 8,858,869 0.33 303.25 5.7146
Segment IV 14,139,614 0.53 189.99 5.2470
Segment V 16,275,115 0.61 165.07 5.1063
Segment VI 15,679,458 0.58 171.34 5.1436
Segment VII 23,566,210 0.88 114.00 4.7362
Segment VIII 25,548,239 0.95 105.15 4.6554

3.1.2 Workflow

The implemented segmentation architecture for the liver segments classification is a 2.5D
architecture. A multi-class classification paradigm has been employed, with a focal Dice loss.

The scheme of the proposed architecture is depicted in Figure 3.2.
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Fig. 3.2 V-Net architecture for multi-class segments’ classification.

For the liver segments’ classification task, 2.5D patches, i.e., 2D multi-channel, composed

of 5 slices from volumes of the training set, as performed in Altini et al. [56], are randomly
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sampled. The V-Net model has been trained for 1000 epochs, for each of the proposed loss
function configurations reported in Section 3.1.3. The learning rate started from 0.01 and
was reduced by a factor of 10 every 166 epochs. The Adam optimizer [256], with a batch

size of 4, was used to carry out the training process.

3.1.2.1 Focal Loss

In order to ease the convergence process and to perform the desired optimization of the task,
the loss function has to be selected accurately. Lin et al. introduced the concept of focal
loss [357]. The main idea is that, for detectors (but this consideration can be extended to
semantic segmentation classifiers), a mechanism is needed to focus on hard samples (i.e.,
samples difficult to classify), avoiding that the gradient is overwhelmed by the larger number
of false negatives. According to the convention introduced in [357], the Cross-Entropy (CE)

loss can be defined as:

—log(p ify=1

CE(py) = 18P (3.1)
—log(1—p) ify=0

where y € {0, 1} is the binary ground truth label and p € [0, 1] is the probability estimated

from the model when y = 1. Lin et al. introduced p; for notational convenience:

P ify=1
_ 3.2
Pr {1—1? if y=0 (3.2)

so that it can be written CE(p,y) = CE(p,;) = —log(p;). A weighted version of the cross-
entropy can be introduced. For instance, let a be a weighting factor in the range [0, 1], so
that « is adopted for class y =1 and 1 — « is exploited for class y = 0. Typically, @ may be
chosen by the inverse class frequency [357]. Introducing oy, analogously to py, it is possible
to define the a-balanced CE loss as:

CE(p;) = —oylog(p;) (3.3)

In order to redefine the cross-entropy loss, Lin et al. added a modulating factor (1 — p;)?
to the CE loss, where 7 > 0 can be found with cross-validation, and it is called the focusing
parameter. Then, the CE Focal Loss (FL) is:

FL(p;) =—(1 —pt)ylog(pt) (3.4

The original authors noted that this formulation has two main properties:
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1. The loss is unaffected when there is a misclassification with a small p;; meanwhile, if
p: is large (near 1), the loss for well-classified examples is reduced. This means that

easy examples are not penalized, if compared to “hard” examples;

2. The rate with which easy examples are down-weighted is governed by the focusing
parameter y. For ¥ = 0, the FL corresponds to the standard CE, whereas for larger
values of ¥, there is an increase in the modulating effect. Lin et al. found y = 2 as the

best value in their experiments [357].

Furthermore, F'L can be weighted, so that the a-balanced F L can be defined as:

FL(p;) = —ay(1 —p,)ylog(pt) (3.5)

According to [357], this yields a slight improvement in accuracy, over the naive non-a-

balanced form.

3.1.2.2 Focal Dice Loss

After the introduction of the FL, Wang et al. proposed the Focal Dice Loss (FDL) and
effectively employed it for brain tumor segmentation [358].

The Dice coefficient (Dg) is usually defined for sets (let B be the binarized prediction
and G the ground truth volume) as:

_2-|GNnB|

Dy =
|G|+ B

(3.6)
For the purposes of this section, Dy will be defined as the “hard” Dice coefficient, intending
that it is defined for binary data only. Let us consider the estimated probability predicted
volume P, composed of N voxels. Each element p; € P ranges in [0, 1], whereas each g; € G
belongs to {0, 1}. Then, the “soft” Dice coefficient Dg can be defined as:

_ 2% pigite
Zévz1pi+2§vz1gi+€

Dy 3.7
where € is a term for numerical stability, avoiding divisions by zero or by very small values.
In the experiments performed, € has been set to 107>. The “hard” Dice coefficient Dy is
useful for assessing the final results, whereas the “soft” formulation Dy is needed during the

optimization process, where a differentiable function is compulsory.
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Subsequently, a “soft” Dice coefficient loss DLg can be introduced simply as:
DLs=1—Dg (3.8)

These definitions hold for the binary classification case, but they can be easily generalized
fort =1,...,k classes. For each value of ¢, the binary DLg, can be computed, so that the
weighted multi-Dice loss (MDLg) can be written as:

k
MDLs =" aDLs, (3.9)
=1
where @; > 0 is the weighting parameter for the class t and DLg, is the binary soft Dice loss
for class z. A common way to tune the @, parameters is to exploit the logarithm of the inverse
class frequency, as reported in Table 3.1. Nonetheless, in the experiments carried out, this
did not lead to a performance enhancement, so the version with all @, =1, witht =1,...,k,

has been chosen. Starting from this definition, Wang et al. defined their FDL as:

k
FDLY =Y w(1— D7) (3.10)
t=1

where Dy, is the “soft” Dice coefficient for class ¢, and a factor 71/, with ¥ > 1, is applied as
the exponent of Dg, for each class. According to Wang et al., their F DL formulation has

three properties:

1. FDL is basically unaffected by pixels, which are misclassified to class ¢ with a large

Dg,. Conversely, FDL is significantly decreased when Dy, is small;

2. The parameter y regulates the rate with which better-segmented classes are weighted.
For y =1, FDL corresponds to MDLg. Increasing 7, the network is forced to focus on

classes with bad segmentation;

3. Since FDL is based on the definition of the Dice coefficient, it focuses on the relevant

metric for assessing brain tumor segmentation (the case studied in [358]).

In this thesis, two versions of the £ DL have been defined. The first one is similar to the

one proposed by Wang et al.:

k
FDL* =Y w(1—-DLs,)" (3.11)

=1
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with y > 1.
The second one is based on the concept of the focal loss of Lin et al. [357]. First, the
“soft” Focal Dice Coefficient (F DC) is defined. It can be formulated as:

N Y
i+ €
FDCs, = — -~ ==L Pt (3.12)
i= 1p1+21 1gl+8
Then, the FDL can be calculated as:
k
FDLP = Z(o, 1—FDCs,) = Y o (FDL,) (3.13)

t=1

The class t+ = 0 has been excluded, since it is usually associated with the background, so
that the sums in Equations (3.11) and (3.13) have been divided by k — 1. In the proposed
formulation, it is worth noting that the F'DCs, numerator sums only the terms that have a

gi = 1. This means that two possible categories of values for p; can be distinguished:

* A high value of p;, associated with true positives;

* A low value of p;, linked to false negatives.

For misclassifications, the goal of the proposed approach was to reduce the total value
of FDCs,, penalizing the p; values. Since p; values lie in the range [0, 1], a modulating
factor Y > 1 has been added. When p; < 0.5, it is possible to see that the reduction of p; is
greater than when p; > 0.5. This means that a voxel with a low p; value provides a minor
contribution to the FDCs, after the modulation. It is possible to understand how the y value

affects the p; values looking the plots in Figure 3.3.

Focal Dice Loss varying y Focal Dice Loss varying y Probability of ground truth varying y

10{ — y=1

¥=1.25
— y=15
08{ — v=175
— v=2

Focal Dice Loss

0.0 02 04 06 08 10 0.0 02 04 06 08 10 0.0 02 04 06 08 10
Dice Coefficent Dice Loss Probability of ground truth

Fig. 3.3 FDL plots for the different considered formulations. Left: values of FDLY as a
function of the Dice coefficient varying y. Center: values of FDLA as a function of the Dice
loss. Right: values of p; varying ¥ in the FDL? formulation.
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3.1.2.3 Post-Processing

The post-processing consisted of two phases: in the first, only the largest connected compo-
nent for each segment has been retained; in the second, all segments’ inconsistencies have
been eliminated, i.e., it was avoided the presence, on the same axial slice, of inconsistent
segments (from an anatomical perspective). To enforce this constraint, the inconsistency
matrix reported in Table 3.2 has been devised.

This table was inspired by the liver anatomy. Considering only slices on the axial plane,
the liver can be subdivided into three regions: (i) above the left branch of the portal vein, (ii)
below the right branch of the portal vein, and (iii) between the two branches. For each region,

as it is possible to see from Figure 3.4, the allowed segments are:

1. Segments II, IV, VII, and VIII;
2. Segments III, IV, V, and VI;

3. Segments III, IV, VII, and VIIIL.

Table 3.2 Segments’ inconsistency table. If the presence of the pair of segments in the same
axial slice is anatomically possible, a “1” was inserted into the matrix, otherwise a “0”.

Segment I II I1I IV \Y VI VII VII

I 1 1 1 1 1 1 1 1

IT 1 1 0 1 0 0 1 1

I1I 1 0 1 1 1 1 1 1
IV 1 1 1 1 1 1 1 1

\Y 1 0 1 1 1 1 0 0

VI 1 0 1 1 1 1 0 0
VII 1 1 0 1 0 0 1 1
VIII 1 1 0 1 0 0 1 1

From these observations, the following substitution rules were derived:

 Left Branch (LB): above the LB, all the voxels classified as Segment III are relabeled
as Segment II; below the LB, all the voxels classified as Segment II are relabeled as

Segment III;
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Right lobe Left lobe Left lobe Right lobe

Right (part of) liver Left (part of) liver Left (part of) liver Right (part of) liver

Right Left Left Left Left Right
anterior medial lateral lateral medial anterior
section section section section section section

Umbilical fissure Umbilical fissure

(Falciform ligament) (Falciform ligament)
Cantlie's line Cantlie's line
Anterior view Posterior view

Fig. 3.4 Liver segments’ anatomy. Data generated by the Database Center for Life Science
(DBCLS) https://dbcls.rois.ac.jp/index-en.html, last accessed: 17 January 2022; data pro-
vided by BodyParts3D https://lifesciencedb.jp/bp3d/?Ing=en, last accessed: 17 January 2022
[359].

* Right Branch (RB):

— Above the RB, all the voxels classified as Segment V are relabeled as Segment

VIII, and below the RB, Segment VIII labels are reassigned to Segment V;

— Above the RB, all the voxels classified as Segment VI are relabeled as Segment
VII; below the RB, all the voxels classified as Segment VII are relabeled as
Segment VI.

In order to define and localize in the CT volume the two aforementioned branches, i.e.,
the LB and RB, of the portal vein, a majority criterion, based on the classification of the
voxels, has been implemented. The first slice where the sum of the counts of the voxels
belonging to Segments III, IV, V, and VI was less than the sum of the counts of the remaining
voxels in the first slice above the RB.

Similarly, the first slice where the sum of the counts of the voxels from Segments II, 1V,
VII, and VIII was higher than the sum of the counts of the remaining voxels in the first slice
above the LB.


https://dbcls.rois.ac.jp/index-en.html
https://lifesciencedb.jp/bp3d/?lng=en
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3.1.3 Results

In order to assess the performances of the different classifiers obtained by varying the FDL
formulation and the associated modulation factor ¥, the “hard” Dice coefficient Dy, was
assessed for each class 7, the average Dp,,, Dice coefficient across all classes, the mean
accuracy Agye, and the confusion matrix, in order to see the relationships of the errors
from different segments. The F DL presented by Wang et al. was compared with the ones
presented in this section. Five values for the modulation parameter have been considered:
y € {1,1.25,1.5,1.75,2}. The case y = 1 is equivalent to using the Dice coefficient as
defined in Equation (3.7). For each experiment, the application of the post-processing was
tested to evaluate if it provides benefits or not.

Experimental results are reported in Tables 3.3, 3.4, 3.5, and 3.6, for models trained with
FDIA, FDLE, FDLY , and DL, respectively. Figure 3.5 shows the segmentation obtained for
a single CT scan, adopting FDLA with y= 2.

a)

b)

Fig. 3.5 Qualitative results for liver segments’ classification. (a) Prediction obtained from the
2.5D V-Net trained with the proposed formulation of the focal Dice loss. For these images,
the model was trained with FDLA with y = 2. (b) Corresponding ground truth.

In the case of FDLY | the best model was the one with ¥ = 1.25 after post-processing. A
possible justification is that larger values of 7y result in flattening too much the loss of the
volumetric predictions, so that those having a good Dice coefficient are too penalized.

For the FDLs defined in this section, the model trained FDIL” achieved the best per-
formance also in the case y = 2, after post-processing, while the one trained with FDLB

obtained the best performance in the configuration y = 2.
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Table 3.3 Quantitative results for the models trained with the FDL? formulation. FDI” is
defined as in Equation (3.11). Comparisons for the different liver segments. PP stands for
Post-Processing. Dy, is the “hard” Dice coefficient for class ¢. It is reported as a percentage.
Dy, 1s the arithmetic mean of Dy,. Dy, 1s the standard deviation of Dy,. The average

accuracy is denoted as Agyyg.

Models DH() DH[ DH2 l)H3 DH4 DH

s Dy,  Duy, Dy Dn,, D, Awg
y=1.25 99.84 79.27 83.35 79.02 7443 7296 77.68 82.80 7831 80.85 7.88 98.77

y=125PP 99.84 7927 8335 79.02 7443 7296 77.68 8280 7831 80.85 7.88 98.77

y=15 99.84 78.82 81.04 76.75 73.88 74.62 7850 82.19 7892 80.51 7.74 98.75
y=15PP 9982 7930 81.68 77.18 73.13 74.06 79.20 82.80 79.03 80.69 7.84 98.76
y=175 99.86 82.09 82.81 80.60 74.61 7337 77.83 8441 80.53 81.79 7.71 98.85
y=175PP 99.85 81.89 8357 80.50 74.79 7335 78.67 8456 80.63 8198 7.66 98.86
y=2 99.88 82.31 8538 8156 76.84 7558 7891 8496 80.76 8291 7.17 98.92

Y=2,PP 99.86 83.09 86.03 82.68 77.00 7553 79.04 8590 8132 8338 7.17 9894

Table 3.4 Quantitative results for the models trained with the FDL? formulation. FDLE is
defined as in Equation (3.13). Comparisons for the different liver segments. PP stands for
Post-Processing. Dy, is the “hard” Dice coefficient for class ¢. It is reported as a percentage.
Dgy,,, 1s the arithmetic mean of Dp,. Dy, is the standard deviation of Dp,. The average

accuracy is denoted as Agyyg.

Models Dy,

0

Dy, Dy, Dw, Dm Dy, Dp, Dw, Dug Dn,, Du, Ay
Yy=125 99.87 8297 83.78 80.67 72.61 7486 79.51 8346 79.63 8193 7.73 98.86
Yy=125PP 99.86 83.31 8347 7947 7223 7494 79.81 8349 79.68 81.81 7.80 98.86
y=1.5 99.86 81.84 83.35 81.31 74.11 7496 77.36 81.80 7844 8145 7.62 98.80
Yy=15PP 9985 81.89 8393 8221 7428 7554 7845 8248 7877 8193 747 98.82
Yy=1.75 99.85 81.89 83.93 8221 7428 7554 7845 8248 7877 8193 747 98.82
Yy=175PP 99.80 78.61 84.64 8429 7469 7399 77.83 8292 80.02 81.86 7.75 98.78
y=2 99.82 81.38 83.58 81.05 73.56 7498 77.73 8393 79.72 81.75 7.65 98.78

Y=2,PP 99.81 80.75 83.52 80.78 73.78 7590 7878 8446 80.47 82.03 7.47 98.81
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Table 3.5 Quantitative results for the models trained with the FDLY formulation. FDLY
is defined as defined in Equation (3.10). Comparisons for the different liver segments. PP
stands for Post-Processing. Dy, is the “hard” Dice coefficient for class ¢. It is reported as a
percentage. Dy, 1s the arithmetic mean of Dp,. Dy, is the standard deviation of Dp,. The
average accuracy is denoted as Agyg.

Models Dy, g 2 Dy, Dy, Du,, Dp, Aave
Y=125 99.87 82.82 85.71 8254 7658 7558 78.79 8459 80.22 8297 721 9891
y=125/PP 9987 83.03 86.18 82.89 76.73 74.83 79.01 84.61 79.81 8299 7.33 9891
y=15 99.85 80.49 83.84 80.10 74.14 7543 78.04 8275 78.65 8148 7.57 98.79
y=15PP 99.84 80.51 8497 8147 7429 76.13 7952 83.61 79.07 82.16 7.42 98.83
Yy=1.75 99.80 79.49 82.80 76.39 73.04 7395 77.81 82.84 7873 8054 798 98.73
y=175PP 99.79 79.29 82.67 76.00 7320 74.69 7844 8339 79.06 80.73 790 98.74
y=2 99.79 78.92 83.57 73.08 73.35 7476 77.80 8245 79.74 8038 8.18 98.73

Y=2,PP 99.78 79.24 8348 7198 7328 7450 78.64 8292 79.53 8037 831 98.73

DHI DH2 DH2 DH4 DH; DH6 td

Table 3.6 Quantitative results for the models trained with the Dice loss. It corresponds to the
case of Y =1 for all the previously defined focal Dice losses. Comparisons for the different
liver segments. PP stands for Post-Processing. Dy, is the “hard” Dice coefficient for class
t. It is reported as a percentage. Dp,,, is the arithmetic mean of Dpy,. Dp,,, is the standard
deviation of Dy,. The average accuracy is denoted as Ag,.

Models Dy,

o Dy, DHz DH3 DH4

Dy

5

y=1 99.86 80.64 83.88 8222 7449 7505 7759 8366 795 81.88 7.56 98.82
y=1,PP 99.86 80.75 84.13 83.20 74.68 7565 77.81 83.66 79.61 82.15 747 98.84

Dy Dy,

DH 8 DH avg DH std A avg
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Concerning FDLZ in the experiments performed, it was found that the model trained
with ¥ > 2 could not generalize, and the F DL, for at least a class remained one (worst case)
during the training. A possible explanation could be similar to the one provided for the
FDLY from the paper of Wang et al. [358]. When the value of v is increased, even the high
values of p; are penalized, as it is possible to see from Figure 3.3.

A statistical test has been realized to detect if F DL was better than the other formulations.
The Wilcoxon signed-rank test showed that FDLA has superior performances compared to
FDLB, with p,ae = 0.003, to FDLY with p,au. = 0.034, and to DL with pyg,. = 0.011.
Considering, as usual, the significance threshold ¢y, = 0.05, the obtained results were
statistically significant.

The normalized confusion matrices are reported in Figure 3.6. Elements in the main
diagonal of the row-normalized and column-normalized confusion matrices are the preci-
sion(s) and recall(s) of the corresponding classes, respectively. From the confusion matrices,
it is possible to see that the most frequent errors arose between (in all the list here, the
notation is predicted segment and ground truth segment): Segment I and the background
(this could be due to the fact that the CNN classifies the vena cava as Segment I, instead of
background), Segment II and Segment III (this depends on the fact that the LB is predicted
in a lower position than the real one), Segment IV and Segment II (they are adjacent on the
axial plane), Segment VIII and Segment IV (they are adjacent on the axial plane), Segment
V and Segment VI (they are adjacent on the axial plane), and Segment VIII and Segment VII
(they are adjacent on the axial plane).

Existing approaches are compared in Table 3.7. It is worth noting that existing works did
not provide results (as Dp) for each segment. Different research works, such as [239, 241],
only proposed a qualitative assessment of the obtained results via expert radiologists, whereas
Tian et al. [210] and Yan et al. [257] only reported the aggregated Dice coefficient per case
across all classes.

3.1.4 Summary

In Section 3.1, two novel focal Dice loss formulations are proposed for liver segments’
classification and compared with the existing literature. The problem of correctly identifying
liver segments is pivotal in surgical planning since it can allow more precise procedures,
such as executing segmentectomies. In fact, according to the Couinaud model [237], hepatic
vessels are the anatomic boundaries of the liver segments. Therefore, in current hepatic

surgery, the identification of the liver vessel tree can avoid the unnecessary removal of
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(Top) Row-normalized confusion matrices.

(Bottom) Column-normalized confusion matrices. Left: Confusion matrix for the model
trained with FDLY . Center: Confusion matrix for the model trained with FDILA. Right:
Confusion matrix for the model trained with FDLB.
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Table 3.7 Literature overview for liver segments’ classification. Quantitative results are
not available for [239, 241], since they only provided a visual assessment of the segments’
classification.

Paper Method Dataset Dice per Case

GLC U-Net 92.80+3.80

Tian et al. [210] URet MSD 08, n=193 8380544

U-Net 2.5D 89.04 £4.30

U-Net 3D 88.93£4.44

U-Net with convolutional LSTM 90.06 £4.01

FCN [75] 82.60+4.29

U-Net [72] 83.80+4.01

Yan et al. [257] U-Net++ [85] Local Dataset, n=500 82.69+4.57

nnU-Net [258] 81.70+4.12

AU-Net [259] 82.31+4.23

PraNet [260] 83.03 £4.28
Oliveira et al. [239] Geometric fit algorithm SLIVERO7 [126], n=20 N/A
Yang et al. [241] Nearest Neighbor Algorithm Local Dataset, n=43 N/A

healthy liver parenchyma, thus lowering the risk of complications that can arise from larger
resections [238]. Despite this, in the literature, many authors that focused on liver segments’
classification methods usually only provided visual assessment (as [239, 241]), making it
difficult to benchmark different algorithms for this task. Thanks to the work of Tian et
al. [210], a huge dataset composed of CT scans with liver segments’ annotation is now
publicly available, easing the development and evaluation of algorithms suited for the task.
The proposed CNN-based approach allowed the achievement of reliable results, with the
best formulation, FDLA with y = 2, obtaining an average Dice coefficient higher than 83%
and an average accuracy higher than 98%. The adoption of rule-based post-processing,
which implements a mechanism for detecting and resolving inconsistencies across axial slice
images, allowed the achievement of a slight enhancement of the obtained results for different
models. Given that the difference between the models was exiguous, it may be necessary to
exploit a different architecture to assess a clearer difference between these loss functions.
A limitation of this work is the absence of an external validation dataset, which is due to
the fact that there is a lack of annotated datasets with liver segments and it is very expensive to

create a local one labeled by radiologists. Furthermore, with greater GPU memory disposable,
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more complex 3D architectures capable of handling a larger context can be exploited. Instead,
in this work, the context was limited to five slices at once.

As a possible future direction, it is worth noting that another possible way to approach this
task consists of determining regression planes using a 3D CNN. Even if there are classical
approaches (as Oliveira et al. [239]) devoted to the estimation of these cutting planes, there
are actually no DL-based approaches in this direction (Tian et al. [210] and Yan et al. [257],
developed a semantic segmentation model too), which can be more resilient to overfitting and
to the prediction of inconsistent segments’ classification with respect to voxelwise predictive

models, as those based on semantic segmentation.

3.2 Vertebrae Segmentation and Identification

The work described in this section aims to propose a novel algorithm for vertebrae identifica-
tion, which is simpler than more sophisticated methods already proposed in the literature. In
addition, the advantage of the proposed approach is that it does not require single vertebrae-
level annotations to be trained. A method for binary spine segmentation based on 3D FCNs
is also developed in this section. Finally, a visualization tool has been implemented to assess
the results of the considered methodologies qualitatively.

The method developed in this section fuses traditional machine learning techniques with
DL ones to achieve state-of-the-art results. The availability of a great deal of spine CT
datasets enables the possibility to train DL models for the spine segmentation task. The
proposed two-fold approach first exploits a 3D CNN that automatically segments the whole
spine; subsequently, traditional machine learning algorithms take the responsibility to locate
centroids in the final stage. The k-means algorithm with morphological operators and shape
descriptors analysis, which starts from the binary segmentation results, enables recovering
the masks of the individual vertebrae. This method permits achieving respectable results
without needing any single vertebrae-level annotations for training.

One of the limitations of the proposed methodology is its semi-automaticity. However,
it offers potential benefits over simple 3D component analysis of the segmented region, as
it may result in the spine being considered a unique connected component. In addition,
the unavailability of a dataset large enough is always a considerable problem; thus, the
proposed methodology can be useful also when there is little or no annotated data. A tabular
comparison of the proposed approach with existing research methods is listed in Table 3.8.

Further comparison information can be found in later sections.
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Table 3.8 Comparison between the proposed method and related works. Results are reported
in terms of Dice coefficient (DSC). CT stands for computed tomography, CNN stands for
convolutional neural network, PaDBN stands for patch-based deep belief networks, PCNN
stands for pulse coupled neural network, APCNN stands for adaptive pulse coupled neural
network, MLPNN stands for multi-layer perceptron neural network and MLPNN1f means
MLPNN considering only the intensity level of each voxel as a feature.

Reference Method Test Sample DSC [%]

Proposed 3D V-Net 50 CT scans 89.17+3.63
Kim et al. [270] U-Net 14 CT scans 90.40
Vania et al. [263] CNN 32 CT scans 94.28 +£3.25
Qadri et al. [271] PaDBN 3 CT scans 86.1

Lessmann et al. [269] 3D U-Net 25 CT scans 84.6 6.9
PCNN 17 CT scans 65.7+154

APCNN 17 CT scans 95.0+2.3

. MLPNN 17 CT scans 91.1+2.9

Zareie etal. [273] MLPNNIF 17 CT scans 773447

APCNN (noise 3%) 17 CT scans 94.34+2.6

MLPNN (noise 3%) 17 CT scans 87.8+4.1

3.2.1 Materials

The main publicly available datasets concerning spine segmentation are: VerSe‘19 and
VerSe20 [261, 266, 267], CSI-Label 2014 [360, 361], CSI-Seg 2014 [265, 268] and x VertSeg
[264]. The latter three are listed by SpineWeb (http://spineweb.digitalimaginggroup.ca/, last
accessed: 6 June 2021), an important online archive for multi-modal spine imaging data. A
summary of the available datasets is presented in Table 3.9. xVertSeg is a collection of 25
lumbar-only CT scans with voxel-level annotations that include fractured vertebrae. CSI-Seg
2014 and CSI-Label 2014 have become available during the MICCAI 2014. While the former
includes segmentation masks, the latter is provided with centroid annotations.

The VerSe‘19 and VerSe‘20 challenges enabled the adoption and benchmarking of
deep learning-based techniques for spine segmentation since they have an adequate sample
size with a variety of conditions, fields of view, and labeled vertebrae. For instance, the
VerSe‘19 data include a variety of fields of view (e.g., cervico-thoraco-lumbar and thoraco-
lumbar scans), a compound of isotropic and sagittal reformations, and subjects with metallic
implants or vertebral fractures. The Verse‘20 dataset includes atypical anatomies such
as transitional vertebrae and other vertebrae, i.e., L6, sacralization of L5 and C7 with

cervical ribs. For running the experiments, a dataset of 214 spine multi-detector CT scans
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has been extracted from VerSe‘20 challenges data. The images can be downloaded from
the OSF repository (https://osf.i0/t98fz/, last accessed: 6 June 2021) and are available in
Neuroimaging Informatics Technology Initiative (NIfTT) format. The dataset is split as
follows: 148 CT scans for training, 16 CT scans for validation, and 50 CT scans as the final
test set. 12 CT scans collected from Medica Sud s.r.l. were also considered, in order to assess
the performance of the vertebrae labeling algorithm on patients with scoliosis, ranging from
mild to severe cases.

Table 3.9 Spine segmentation datasets. In the labels column, C stands for centroids’ labels,
M for masks, and S for scoliosis severity. Medica Sud s.r.l. (https://www.medicasud.it/, last

accessed: 6 June 2021) is a local medical clinic that provided 12 CT scans. Please note that
this dataset is not publicly available.

Dataset Spine Tract Sample Size  Modality  Labels
xVertSeg [264] Lumbar n=25 CT scans C
CSI-Seg 2014 [265, 268] Thoraco-lumbar n=20 CT scans M
CSI-Label 2014 [360, 361] Whole spine n=7302 CT scans C

Verse‘19 [261, 266, 267] Whole spine n=160 CT scans C+M

Verse 20 [261, 266, 267] Whole spine n =300 CT scans C+M
Medica Sud s.r.l. Whole spine n=12 CT scans S

3.2.2 Workflow

To ensure the reproducibility of the algorithms introduced in Sections 3.2.2.1 and 3.2.2.2,
and the visualization tool presented in Section 3.2.2.3, the code has been made publicly
available on GitHub (https://github.com/Nicolik/Segm_Ident_Vertebrae_ CNN_kmeans_knn,
last accessed: 6 June 2021).

3.2.2.1 Spine Segmentation

The images have been pre-processed according to the method proposed by Payer et al. [276],
which consists of reorienting, smoothing, and clamping. In the work herein described, the
clamping has been performed in the range [—150, 1000], instead of [—1024, 8192], since
high atomic number structures such as bone have HU values in the range [250, 1000] [362].
Images and the related masks have been cut with the smallest bounding box containing the
spine. Images have been resampled to an isotropic resolution of 1 mm, as in the work from
Payer et al. [276]. The workflow followed for the spine segmentation is depicted in Figure
3.7.


https://osf.io/t98fz/
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The binary segmentation stage is performed by exploiting the V-Net architecture proposed
by Milletari et al. [71]. The Dice loss function formulation adopted is the same adopted in
the work of Altini et al. [56]. V-Net is an encoder—decoder architecture. The first part of the
network is devoted to the feature extraction process; the second reconstructs high resolutions
masks, exploiting also skip connections across the encoder—decoder paths. Compared to
U-Net, it is worth noting that V-Net exploits down-convolutions, with stride 2 x 2 x 2 and
kernel-size 2 x 2 x 2, instead of fixed downsampling realized by 2 x 2 X 2 max-pooling,
adding trainable parameters also in this stage. As differences between the original V-Net
architecture and that implemented for this thesis, there is the adoption of ReLU non-linearities
instead of PReLLU ones [45] and the adding of a Batch-Normalization (BN) layer after each
convolutional layer, as also done in Altini et al. [56] and Shen et al. [86].

The network has been trained for 500 epochs with data augmentation (random noise
with u = 0,02 € [0,0.1], p = 0.1). Every 100 epochs, the trained model has been saved
to check for overfitting issues. With the aim to implement the patch-based pipeline and
the augmentation operation, the TorchlO library has been utilized [224]. The parameters
for the patch sampler were: uniform sampling, 8 patches per volume, and patch size of
64 x 64 x 64. The original V-Net architecture processed input volumes of 128 x 128 x 64,
but it was decided to limit the dimension for allowing larger batches to benefit from BN

layers.

Binary

Pre-processing Segmentation

‘ Original CT |

Fig. 3.7 Vertebrae segmentation workflow.
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3.2.2.2 Vertebrae Identification

Determining vertebrae centroids is a prerequisite for achieving vertebrae identification.
Indeed, centroids can be then exploited to recover single vertebrae masks. This task has to be
carried out after the binary segmentation of the spine. A 3D connected component analysis
of the segmented region will not solve the problem of vertebrae labeling, since the spine
will likely form a unique connected component. For this reason, the chosen approach is a
semi-automated workflow that consists of different steps, two of which require input from
the user. The workflow followed for vertebrae identification is depicted in Figure 3.8.

The sequence of the involved operations is listed below:

* Vertebrae Number Selection. This step requires input by the user, which has to insert
the number of visible vertebrae given the binary segmentation. The user has to provide
the name of the first vertebra (from the top to the bottom) in order to perform the

correct labeling according to the legends provided by VerSe.

* Slice Extraction. The algorithm extracts a 2D sagittal slice from the binary segmenta-
tion, starting from the middle of the image since it has a higher probability of showing
well-clustered vertebrae. Kindly note that, in some cases, €.g., patients affected by
severe scoliosis, this consideration may not hold, resulting in lower segmentation

performances. Inside the selected slice, the following sub-steps have been carried out:

— Morphological and Connected Components Analysis. The morphological
analysis aims at removing small points which can be wrongly considered as
standalone components, whereas the purpose of the connected components’

analysis is to label each component with a different value.

— Shape Descriptor and Clustering for Arches and Bodies. It is worth noting
that every single component is either a vertebral body or a vertebral arch, so it is
important to correctly assign each component to the appropriate category. This
stage carries out the above process by considering the proper shape descriptors

of the individual components.

— Arch/Body Coupling. This step connects each vertebral arch to the nearest

vertebral body, by assigning the same label to both.

— Centroids’ Computation and Slice Showing. If the output vertebrae number
matches the input number from the first step, the algorithm goes further with the
computation of centroids’ positions for each vertebra; otherwise, the process has

to be repeated from another slice.
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* Best Slice Selection and Centroids’ Storage. The algorithm repeats the workflow
until it reaches a slice without connected components. Then, the user chooses the best

slice among the displayed ones, and the algorithm stores the centroids’ position.

* 3D Multi-class Segmentation. Centroids are used in a k-NN classifier to produce a

3D segmentation map in which each vertebra has its own label.
In the next paragraphs, the non-trivial steps of this process are described.

—
How many
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ShceT Morphology Connected Shape Clustering Arch/bpdy
L extraction ) Components Descriptor coupling
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vertebrae
number

match?

Is stop
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Slice Centroids’
Showing computation

Centroids’ 3D Multiclass
storage Segmentation

Fig. 3.8 Vertebrae identification workflow. Steps that require user interaction have blue
borders.

Morphological and Connected Components Analysis As mentioned in Section 3.2.2.2,
the morphological analysis is targeted at removing outliers, i.e., small points that are not
connected to vertebral arches or bodies. To carry out this process, the ErodeObjectMor-
phologylmageFilter and the DilateObjectMorphologylmageFilter were exploited, which are
provided by the SimplelTK library.

The former filter erases every component contour, whereas the latter enlarges the com-
ponent contours. It means that if a component is relatively small, erosion will completely
remove it; the combination of both removes the small components without affecting the
bigger ones. The morphological analysis has been performed with a kernel radius of 2 for

both erosion and dilatation.
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Figure 3.9 shows the effects of the morphological analysis.

Fig. 3.9 Workflow of the morphological analysis. Note that small components are removed in
the erosion phase, and they do not appear in the final output.

The connected components analysis substage employs the SimpleITK library too, which
offers the ConnectedComponentlmageFilter that labels each component with a different

intensity value. Figure 3.10 shows the output of this filter.

Shape Descriptor and Clustering This step creates a shape descriptor for each component
so that arches and bodies can be clustered in different subsets.

The shape descriptor sub-stage exploits the Scikit-image library that provides the re-
gionprops and the regionprops_table methods which automatically compute several de-
scriptors for each component. Some of these descriptors are used to set up a Pandas
(https://pandas.pydata.org/, last accessed: 6 June 2021) DataFrame which is used to group
all similar components in two clusters, i.e., arches and bodies. The chosen feature set is
composed of the following descriptors (definitions in italics are taken from the Scikit-image

documentation):
» Area: The number of pixels of the region.
* Centroid: The centroid’s position of the region.

» Extent: Ratio of pixels in the region to pixels in the total bounding box of the region.


https://pandas.pydata.org/
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Fig. 3.10 Sample ConnectedComponentlmageFilter output.

* Perimeter: Approximation of the perimeter of the region.

* Eccentricity: Ratio of the focal distance (distance between focal points) over the

major axis length.

* Solidity: Ratio of pixels in the region to pixels of the convex hull image (the smallest

convex polygon that encloses the region).

These features have been selected with a heuristic process, choosing the subset which
better discriminates bodies and arches. It is also worthy of note that, for scoliosis patients,
adding Inertia Tensor (Inertia tensor of the region for the rotation around its mass) to this
feature set leads to an improvement in the results.

The k-means clustering algorithm was exploited for realizing the clustering of vertebral
arches and bodies. The drawback is that it is sensible to outliers; however, after the mor-
phological analysis, the probability of retaining outliers is largely reduced. The k-means
clustering is a popular algorithm for cluster analysis that finds commonalities in data and
groups them without the need for ground truth. Cluster analysis, in fact, belongs to the
unsupervised learning branch of machine learning. At the start of the algorithm, k centroids
are initialized (randomly, from k data points or from other prior knowledge) in the feature hy-

perspace. Then, every sample is assigned to the nearest centroid according to some distance
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metric. Centroids for the next iteration are computed as the average of the coordinates of the
points of each cluster. The process is repeated until convergence [363].

The Scikit-learn library provides its own implementation of the k-means clustering model.
The only parameter to tune is the number of clusters, which is set to two. Before fitting the
model, it is important to normalize the DataFrame using the Z-score normalization. The
main hyper-parameter to tune for k-means clustering is the number of clusters. Since the
purpose is to distinguish between arches and bodies, the n_clusters hyper-parameter has
been set to 2. Other hyper-parameters are set to their default values. Experiments where
the init, n_init, algorithm and max_iter hyper-parameters were changed did not result in
improvements.

After performing the clustering, it is essential to determine which cluster regards vertebral
bodies and which cluster concerns vertebral arches. This step is required because the cluster
analysis does not know the nature of the samples, but only produces the two groups. For
this purpose, the distinction is made by looking at the total area of the clusters: the greatest
one represents the vertebral bodies. The cluster analysis is not always successful: cervical
vertebrae’s shape is not well distinguishable from the arch, and this can lead to an inaccurate

outcome.

Arch/Body Coupling As mentioned before, this step assigns each vertebral arch to the
nearest vertebral body. For each vertebral arch, the Euclidean distance between the arch and
every vertebral body is computed. Let N, be the number of vertebrae and N, the number of
segmented arches. Then, the sets of vertebral arches and bodies can be denoted as {a;}y,
and {v;}n,, respectively, with j =1,...,N, and i = 1, ..., N,. Distance between pairs of a;,v;
can be defined as in Equation (3.14).

d(aj,vi) = \/(ajx —vie)? + (ajy —viy)* + (aj: —vi)? (3.14)

First, the distance between every a; and v; is computed. Then, iteratively, the vertebral body
which has the minimum distance from the arch is linked to the vertebra body, and the labels

are merged. Figure 3.11 depicts the output of cluster analysis and coupling.

Multi-class Segmentation Once the centroids have been computed, every point of the
volume which is not part of the background is assigned to the same label as the nearest
centroid according to Euclidean distance. To accomplish this procedure, a non-parametric
method, the k-NN classifier, which is based on distances between samples, was exploited.

The workflow of this algorithm can be summarized into three main steps [364]:
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Fig. 3.11 Sample outputs of cluster analysis and arch/body coupling.

* The learning phase, which is not mandatory, results in the partitioning of the hyperspace

in clusters based on samples’ positions.

* The distance computation phase consists of the computation of all the distances between
samples and centroids (the most used distance metric is the Euclidean Distance, as
in the proposed pipeline, but it is also possible to use Manhattan Distance or other

distances).

* The classification phase assigns each sample to the class of the nearest cluster’s

centroid.

For the purposes of this research, the learning phase has not been performed since the

centroids have already been computed in the k-means clustering stage.

3.2.2.3 Visualization Tool

In this study, a visualization tool, that enables displaying the CT scans and masks through a
graphic user interface (GUI) based on the Qt framework, ITK, VTK, and OpenCV libraries
[365-367], was also developed. It offers multiple functionalities, such as image contrast

adjustment, mask visualization, and mesh reconstruction.
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As depicted in Figure 3.12, the interface is composed of three major parts. The toolbox
section facilitates the loading and reading of the CT images from a local folder and permits
smoothly navigating through the slices. The toolbox comprises a windowing option to set
custom values of window-width and window-level and adjusts image contrast for optimized
visualization of the anatomical regions of interest. The segmentation results are overlaid on
the original images and each vertebra is colored differently so that identifying vertebrae is
convenient for the user. Furthermore, the vertebrae’s centroids and names are shown in the
sagittal and coronal views. Three of the four windows in the views section show the CT scan
in the axial, sagittal, and coronal planes. A fourth window is used to show a reconstruction
of the volume obtained from the segmentation masks. The aforementioned task is achieved

by using the VTK discrete marching cubes algorithm.
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Fig. 3.12 Visualization tool for visualizing CT scans and masks.

3.2.3 Results

Regarding the binary segmentation task, 3D V-Net obtained the results reported in Table 3.10
considering a test set of 50 images. Quality measures are reported for the CNN trained every
100 epochs, showing that convergence for the considered model can be achieved after 200
epochs. These results allowed the achievement of a realistic segmentation of the whole spine,

as can be seen from Figure 3.13.
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Table 3.10 Spine binary segmentation results. ASSD stands for average symmetric surface
distance, whereas MSSD stands for maximum symmetric surface distance. The best result
for each of the reported measures is in bold font.

Epochs DSC [%] Recall [%] Precision [ %] ASSD [mm] MSSD [mm]
100 85.07 £3.02 94.25+3.79 77.65+3.78 2.46 £ 0.81 63.16 £ 23.27
200 88.20 £ 2.66 93.46 £4.03 83.61 £2.65 1.89 £ 0.61 60.87 +23.46
300 88.44 +2.69 93.85+4.49 83.78 +2.81 1.91 +£0.56 64.03 +£28.96
400 88.34 +2.35 94.51 + 3.31 83.02 +2.81 1.85 +0.63 62.77 £27.67
500 89.17 + 3.63 93.60 £ 6.27 85.43 +2.75 1.43 +0.63 56.69 + 18.07

For what concerns the multi-class vertebrae identification, a multi-class DSC of 90.09 +
3.14% was obtained. The multi-class DSC score for the vertebrae labeling task was calculated
in an ideal condition, i.e., starting the vertebrae identification procedure from ground truths
of spine segmentation. Results are reported as mean + standard deviation. Multi-class DSC
is computed as the average of the binary DSCs for each vertebra class. Kindly note that the
vertebrae identification algorithm proposed in this section may not work optimally for the
C1, C2, and C3 vertebrae, since the shapes of the bodies of these vertebrae can be easily
mistaken with their arches. The centroids’ predictions examples are shown in Figure 3.14.
The following vertebrae labeling, obtained with k-NN, is depicted in Figure 3.15.

In order to assess the quality of the vertebrae labeling stage on scoliosis cases, a collection
of 12 CT scans coming from Medica Sud s.r.l. was exploited. Four out of the 12 CT scans
belong to patients with severe scoliosis, 4 to patients with moderate scoliosis, and the
remaining 4 to patients with mild scoliosis. For these images only information about the
severity of the scoliosis was available. Therefore, the method of Payer et al. [276] was
exploited as the gold standard for the segmentation masks. The multi-class DSC has been
considered as a similarity measure across the two methodologies. The same binary spine
segmentation was achieved for both algorithms, obtained by exploiting Payer’s pre-trained
models, therefore focusing the comparison on the labeling stage. Multi-class DSCs have
been determined separately for each scoliosis category, obtaining 43.40 + 30.03%, 70.61 +
18.50%, and 83.38 + 12.51%, for severe, moderate, and mild scoliosis patients, respectively.
After adding Inertia Tensor to the feature set for discriminating between arches and bodies,
multi-class DSCs grown, managing to obtain 49.79 + 24.90%, 77.76 = 15.05%, and 83.48 +
12.56%. These results show a clear improvement for severe and moderate scoliosis cases.

The proposed vertebrae identification stage appears to have promising results on mild
and moderate scoliosis; however, the identification phase for severe scoliosis cases can be

further improved in future works. This problem arises from the fact that the k-NN model has
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a too low complexity for modeling severe scoliosis cases. Example results on this dataset are
shown in Figure 3.16.

A comparison between the proposed method and related works is reported in Table 3.8.

Fig. 3.13 Examples of binary spine segmentation.

3.2.4 Summary

Several methods have been proposed in the literature for the purpose of vertebrae segmenta-
tion and labeling. Many of these address only the binary spine segmentation, as in Kim et
al. [270] and Vania et al. [263]. However, the methods which involve individual vertebrae
segmentation are characterized by complex architectures and require tons of labeled data
to be correctly implemented, as for the top scoring architectures in VerSe challenges, e.g.,
Payer et al. [276] and Lessman et al. [269].

The method for vertebrae labeling proposed in this thesis can be considered a novel
approach, implementing k-means clustering for separating vertebral arches from bodies and
k-NN classification in the context of vertebrae labeling. It is a simple yet effective solution
and, most importantly, it does not require a specific training procedure. Therefore, it can also
be performed without having masks provided by domain experts.

The developed algorithm addresses the issues of vertebrae identification and segmentation,
which are two essential steps in understanding spine imaging data. Vertebrae segmentation is
a challenging and time-consuming task, due to the size of the problem. The proposed work

provides accurate results in a fast and straightforward way.
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Fig. 3.15 Sample outputs of meshes of multi-class vertebrae segmentation. These meshes
have been obtained exploiting ITK-Snap (http://www.itksnap.org/, last accessed: 6 June
2021).


http://www.itksnap.org/
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a) Severe b) Severe ) Moderate d) Mild

Fig. 3.16 Comparison between Payer et al. and the proposed method for the vertebrae
labeling task. The first row shows original CT scans, the second row shows predictions from
Payer et al. [276], and the third row shows predictions with the proposed vertebrae labeling
method. Columns: (a,b) are of patients with severe scoliosis, (¢) of a patient with moderate
scoliosis and (d) of a patient with mild scoliosis. It is important to note that for case (a) the
proposed method did not provide an accurate result.
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The clinical implications of this study also include the possibility of improving the
functionalities of surgical navigators for minimally invasive spine procedures. This can help
spine surgeons to operate even in unideal conditions, such as with restricted field-of-views.
Moreover, the proposed method can be exploited to pre-label larger CT scan datasets with
individual vertebrae annotations, so that purely supervised approaches can be enhanced. The
DSC obtained is quite good, also if it has to be noted that the proposed approach is less
general than those involved in the VerSe challenges, which covered all kinds of orientation,

spacing, and field-of-view for CT spine imaging data.

3.3 Prostate Fusion Biopsy

This section of the thesis addresses the problem of providing a fast and reliable semiauto-
matic method for prostate segmentation from TRUS images, that can be exploited without
having acquired a specific dataset for the transducer in consideration. The approach, like
other existing works, is based on the theory of deformable superellipses. Two kinds of
methodologies can be exploited for achieving segmentation with superellipses. In the first,
image characteristics, such as edge maps or region energy, are employed for performing
automatic image segmentation [294, 295]. In the second case, the geometry of the prostate is
inferred from user-defined points [293].

The method of Gong et al. [294] requires the generation of edge maps in order to
produce the final segmentation, whereas the approach of Saroul et al. [295] needs to make
assumptions about region energy. On the other hand, the proposed approach does not need
to make these assumptions on input data, given that image quality can widely vary among
different transducers.

Compared to the approach of Mahdavi et al. [293], the proposed method does not require
selecting points in a refined geometric way, but the user has flexibility on how to place them.
Moreover, the proposed formulation allows to model also more irregular 3D shapes, since
the user can insert points in an arbitrary number of slices, thus eventually obtaining shapes
that go beyond tapered and warped ellipsoids.

Though, extensive experiments have been carried out to outline the best guidelines that
a human operator should take into consideration when using the proposed algorithm for
performing a procedure in order to minimize the number of points required and maximize
the segmentation accuracy. In any case, carrying out a second iteration can mitigate eventual

problems that arise after the suboptimal placing of points in the first iteration.
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Lastly, an application of the proposed method in an image fusion setup with MRI is
shown. The segmentation module for the MRI relies on the nnU-Net framework [258].

Segmentation masks from both domains are then registered to attain the image fusion task.

3.3.1 Materials

Fedorov et al. made publicly available a dataset containing anonymized imaging data of
the human prostate of N=3 patients [368]. This dataset will be referred to as ZENODO
throughout this section. For each patient, both MRI and TRUS examinations have been
acquired. The former serves the purpose of staging the disease and the latter of allowing
volumetric examination for preparing brachytherapy implant. Both modalities are 3D scalar
images. Annotations provided by Fedorov et al. include manual segmentation of the whole
prostate gland for both MRI and TRUS, and fiducial points placed in specific anatomical
sites to improve subsequent image registration and fusion. In detail, fiducials are placed at
urethra entry into the prostate at the base (UB), verumontanum (VM), and urethra entry into
the prostate at the apex (UA).

In order to validate DL models for the task of MRI prostate segmentation, also the
datasets PROMISEI12 [290] and SAML [369, 370] have been included in the analysis.

The ZENODO dataset has been exploited to test the proposed method for TRUS segmen-
tation, MRI segmentation, and TRUS-MRI registration, whereas PROMISE12 and SAML
have been employed to validate the nnU-Net model for MRI segmentation.

Sample images for both domains, TRUS and MRI, are reported in Figure 3.17. A

summarized table for the considered materials is provided in Table 3.11.

Table 3.11 Prostate gland datasets description. As imaging modalities, only ZENODO
contains TRUS images, even in a very limited quantity, being only 3. Fiducial points are also
present only in the last dataset. Seg stands for Segmentation, Reg for Registration.

Dataset Imaging Task Number Ground Truth Fiducial File
modality of images segmentation points format
PROMISE12 [290] MR (T2W) MR Seg 50 v X NIfTI
SAML [369, 370] MR (T2W) MR Seg 116 v X NIfTI
ZENODO [368] MR (T2W), TRUS TRUS Seg, MR/TRUS Reg 3,3 v v NRRD

3.3.2 Workflow

The workflow employed for achieving image fusion, starting with segmentation for both

imaging modalities, namely TRUS and MRI, is reported in Figure 3.18. In clinical practice,
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Fig. 3.17 Samples of images from MRI and TRUS modalities. (Top) Prostate MRI. From
left to right, a sample image for each of the datasets PROMISE12, SAML, and ZENODO is
shown. (Bottom) Three sample prostate TRUS from the ZENODO dataset.

segmentation does not happen at the same time, since MRI segmentation can be achieved
preoperatively, whereas TRUS segmentation has to be obtained intraoperatively, at the start
of the prostate biopsy procedure.

Segmentation from MRI involves a pre-processing stage so that images can be fed to a
deep learning architecture, the nnU-Net. Lastly, post-processing is performed, with the aim
to remove noisy elements from images (e.g., only one connected component is expected),
increasing segmentation accuracy. The described operations can be carried out in a fully
automatic way. MR images are especially important for identifying the target region for
biopsy since they have better contrast than other imaging modalities. Details are described in
Section 3.3.2.1.

Segmentation from TRUS is achieved with a semiautomatic algorithm, which requires
input points from the user. The physician has to annotate points in at least three slices of the
prostate gland in axial planes, taking care when placing points in the deformed zones (the
transducer itself introduces deformation). Starting from this point, a deformable superellipse
is fitted with an optimization algorithm. Then, interpolation is employed to achieve the 3D
reconstruction of the prostate gland. The entire procedure is explained in Section 3.3.2.2.

Then, with both segmentation masks from TRUS and MRI modalities available, regis-

tration can be performed, enabling image fusion, which allows tissue coming from both
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modalities to be seen at the same time. Optionally, a set of anatomical landmarks can be
inserted by the user to ease and constrain the registration optimization step. The procedure is
presented in Section 3.3.2.3.

User
Points

Deformable
Superellipse

Land
marks

Registration

nnU-Net

—

Fig. 3.18 Workflow for TRUS and MRI segmentation and subsequent image fusion. Seg-
mentation from TRUS is achieved in a semiautomatic way by fitting a 3D model based on
deformable superellipses starting from user-defined points in at least three slices. Segmenta-
tion from MRI has been performed fully automatically by exploiting the nnU-Net framework.
Registration can be either performed in an automatic way, or the user can add anatomical
landmarks to constrain the space of transformations.

3.3.2.1 MRI Segmentation

The semantic segmentation of the prostate gland from MRI can be efficiently met via DL
techniques, as fully convolutional neural networks [16]. Semantic segmentation, which poses
the basis for subsequent classification and characterization tasks [31, 371], is essential in
numerous clinical applications including artificial intelligence in diagnostic support systems,
therapy planning, intraoperative assistance, and monitoring of tumor growth.

As introduced in Section 2.1.2, semantic segmentation is a Computer Vision task that
can be computed with DL algorithms and consists in labeling each pixel of an input image,
without recognizing the different instances of objects [18, 19]; it is possible to see semantic
segmentation as a problem of conversion from image to image, where the input image is the
original image and each pixel intensity value of the output image indicates the relation of
that pixel to the associated class [89].

Most semantic segmentation architectures are based on encoder-decoder networks. The
process of feature extraction or sub-sampling is carried out by the encoder. Decoding is an
up-sampling operation, in which the spatial information output from the encoding layer is
reconstructed, increasing the spatial resolution. The encoder-decoder structures have been

implemented in different convolutional network architectures, including SegNet [70], U-Net
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[72], U-Net 3D [73] and V-Net [71]. Besides prostate segmentation, applications in medical
imaging tasks of those architectures encompass liver vessels delineation [56], segments
classification [35], lung COVID-19 lesions segmentation [37], and vertebrae segmentation
[36].

In the work presented in this section, to perform the semantic segmentation of the
prostate gland from MRI, the nnU-Net framework has been exploited. In this way, semantic
segmentation tasks can be tackled with standardized pipelines [84, 258]. The employed
architecture is based on those of U-Net and U-Net 3D. The nnU-Net framework was originally
conceived during the Medical Decathlon Segmentation Challenge [372], where it emerged
as the leading approach in all tasks. The advantages of this method consist of automatic
configurations of pre-processing, data augmentation, training, inference, and post-processing.
Parameters to set for training nnU-Net include the number of epochs, initial learning rate,
batch size, patch size, and the combination of dice loss and cross-entropy to implement as

the model loss function.

3.3.2.2 TRUS Segmentation

Segmentation of anatomical structures in noisy data, such as TRUS images, is a complex
task since boundaries are not clearly defined, as shown in Figure 2.6. Therefore, the adoption
of prior information about the geometric structure of interest is useful to constrain the model
deformation [373, 374]. Deformable models can be used to achieve this result.

Geometry, physics, and mathematical optimization lie the foundation for the segmentation
algorithms based on deformable models [373]. The constraint on the model shape is derived
from geometry, the evolution of the shape in space is governed by physical theories, and the
operation of fitting the model to the accessible data is made possible by optimization theory
[375]. Segmentation of anatomical structures in deformable models is achieved by exploiting
an energy minimization framework. Two kinds of mathematical terms are considered:
internal and external energies. The deformable model is propagated in the direction of the
object contours by external energies, whereas the smoothness of the boundaries is preserved
by internal energies.

The deformable model framework includes various methodologies, such as deformable
mesh, active shape models, level sets, active contour models, and curve fitting [280]. More
advanced approaches may include a mixture of these techniques, with the idea that merging
information concerning boundaries known a priori, region, shape, and features of the prostate
region can provide more accurate models, like the deformable superellipse formulation of
Gong et al. [294].
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Shape Models In a wide variety of medical imaging scenarios, the general location,
orientation, and shape of the objects of interest are known a priori. As reported by previous
studies concerning TRUS images, prostate contours appear smooth and with a closed-near
convex shape [294]. This information can be embedded into the deformable model in different
forms: initial conditions, way of constraining model shape parameters, and the procedure for
model fitting. Global shape properties can be modeled with parametric shape models. The
advantage of this technique is not requiring the presence of anatomical landmarks.

Furthermore, representation of the shapes can be tackled with many different methods
[376, 377]. For instance, Tutar et al. [378] proposed to model the 3D prostate boundaries
with spherical harmonics of degree eight. Local deformations can be controlled, thanks to
the exploitation of parameters, leading to the capacity of modeling complex shapes. On the
other side, there is an increment in the computational complexity.

Similarly, reducing the number and range of parameters can allow modeling the global
shape in approaches that are stable and rapid from a numerical perspective, leading to more
compact representations. In the following section, the deformable superellipse, a powerful
model for the geometry of the prostate gland [294], is introduced. When the deformable
superellipse is not capable of properly capturing all the nuances of the prostate region in a
2D slice, bidimensional B-splines [379] can be exploited in the proposed approach, obtaining
very refined results but not losing the possibility to model a regular 3D shape with a relatively

low number of parameters.

Deformable Superellipses Superellipses consent to obtain a natural generalization of the
ellipses’ shapes. Different base geometrical shapes can be modeled through superellipses,
such as ellipses, parallelograms, rectangles, and pinched diamonds by handling a small
number of parameters [380, 381]. Examples of shapes that can be modeled by superellipses
are portrayed in Figure 3.19. The straightforward 3D generalization of the superellipse, the
superellipsoid, has not been considered since it makes assumptions about the 3D regularity
of the prostate shape which are too simplistic.
A centered superellipse can be expressed in the following parametric form, as reported
in Equation (3.15):
2.
X=dy- |Cos(9)|2£ -sign(cos(0)) (3.15)
y =ay-|sin(0)| - sign(sin(0))
where the size parameters a, > 0, ay, > 0 define the length of the semi axes, and € > 0

specifies the squareness in 2D plane, as shown in Figure 3.19. The corresponding implicit
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form is given by the Equation (3.16):

€
Yl - (3.16)
ay

4
X

ax

_|_

The inside-outside function is reported in Equation (3.17):

€

+

€

Y

ay

flx,y) = (3.17)

Ax
where: if f(x,y) = 1, then the point (x,y) belongs to the superellipse; if f(x,y) > 1, then the
point (x,y) lies outside the superellipse; if f(x,y) < I, then the point (x,y) lies inside the
superellipse.

The superellipse model does not permit, in this version, molding all deformations which
are required to build a proper representation of the prostate gland. Nonetheless, geometric
deformations, such as translation, rotation, tapering, and bending, can result in a broad
range of shapes that are modeled by the deformable superellipse [382, 383]. Moreover,
these transformations can be modeled with a few parameters, given that translation with
respect to an axis, rotation, tapering, and bending are described each with a single parameter.
Deformable superellipse can then be characterized by a parameter vector p, defined as in
Equation (3.18):

p:{amay»lx»ly,ragat,b} (318)

where € is the squareness parameter and ay, a, are the semi-axes lengths defined above.
Other parameters are those involved in the global similarity transformations for superellipses
[294]: [, I, are the translations along x and y axes, r is the rotation angle, ¢ and b model the
tapering and circular bending on the y-axis, respectively.

Details of all these geometric transformations are reported in Paragraph 3.3.2.2-Geometric
Transformations, whereas inverse transformations are reported in Paragraph 3.3.2.2-Inverse
Transformations. Examples of deformable superellipse modeled by variations in tapering

and bending are reported in Figure 3.19.
Geometric Transformations Translation (I, /y):

X =x+1

(3.19)
Y=y+l
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Fig. 3.19 Deformable superellipse modeling capabilities examples. The left image represents
the superellipse varying squareness € parameter, whereas the middle one depicts the de-
formable superellipse varying tapering ¢ parameter, and the right one portrays the deformable
superellipse varying circular bending b parameter.

Rotation (r):

x'=x-cos(r)—y-sin(r)

(3.20)
y =x-sin(r)+y-cos(r)
Linear tapering along y-axis (¢):
X =x- <ta—y + 1>
Y (3.21)
Y =y
Circular bending along the y-axis (b):
X' =(F—y)-sin (ayx_ )
e (3.22)
V=5 = (% —y)-cos (b )
Inverse Transformations Inverse translation (y, [y):
x=x—1
) (3.23)
y=y -1
Inverse rotation (r):
x=4x"-cos(r)+V -sin(r
(1) -+ -sin(r 520

y=—x"-sin(r)+y - cos(r)
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Inverse linear tapering along y-axis (¢):

o+l (3.25)

Inverse circular bending along the y-axis (b):

x = —sign(b) - arctan (y,’ic) . \/(x’)2 + (- %)2
y =% —sign(b) -\ (¥ + (Y - %)’

(3.26)

Optimization Framework In the Bayesian framework proposed in Gong et al. [294], the
authors assumed that some parameters (those concerning shape) have a Gaussian distribution
as prior, N(ps), whereas others (those concerning pose) have a Uniform distribution as prior,
U (pp)- The edge strength likelihood is denoted as E. Then, according to the Bayes rule, the

posterior probability can be modeled as in Equation (3.27):

Prtp ) = "0 SR CnRe) T PEIR) ) () -Pr(E | )
(3.27)

This results in optimizing the log-likelihood in Equation (3.28):

L=1In(Pr(ps))+In(Pr(E|p)) (3.28)

Proposed Approach In the proposed approach, the deformable superellipse is modeled
as specified in Section 3.3.2.2-Deformable Superellipses. Geometric deformations to the
fundamental superellipse shape can be obtained as reported in Section 3.3.2.2-Geometric
Transformations.

The problem of modeling Pr(p | E), as in Equation (3.27), is that it requires to have prior
data on edge maps from images of the same kind of those obtained with the ultrasound device
that will be used for carrying out the procedures. When it is not feasible to collect such
images in advance, it may be preferable to model Pr(p | U), where U is a set of user-defined
points. If the model does not need to make rigid assumptions about U, it can provide a
fast and reliable system for achieving prostate gland segmentation with only moderate user

interaction and without the need to build a large training set.



3.3 Prostate Fusion Biopsy 103

Therefore, in the proposed formulation, the posterior probability can be written as

reported in Equation (3.29):

Pr(p)-Pr(U | p)
Pr(U)

The prior about shape parameters can be optimized by maximizing Equation (3.30) [294]:

n(Pr(ps)) =Y [M] (3.30)

2
I Zoj

Pr(p|U) =

o< Un(pp) -N(ps) - Pr(U | p) (3.29)

Instead, the likelihood linked to the term Pr(U | p) can be maximized by optimizing the
energy in Equation (3.31), where U is the set of user-defined points, C is the polygon
representing the prostate mask boundaries, d is the point-to-polygon distance, and E(C;U)

is the energy function to minimize.

E(CU)= Y d(C,(x,) (3.31)
(x,y)eU

A 3D model can be reconstructed by performing linear interpolation of the parameters
involved in the vector p, after that 2D superellipses have been fit to the slices where the user
has inserted points. To build a 3D model of the prostate gland, a minimum of three slices
have to be labeled. The annotated slices must include the base, apex, and mid-gland regions
of the prostate gland. On the base and apex, a minimum of 4 points must be inserted by the
user, whereas on the mid-gland a minimum of 6 is recommended. For mid-gland cases which
have irregular shapes, a number of points up to 12 may be beneficial.

Since the user can add more than three slices, shapes that are more complex than one
tapered and warped superellipsoid or two semi-superellipsoids can be obtained. The following

paragraph describes how the optimization procedure is executed when an operator is involved.

Implementation Details The general workflow employed for TRUS segmentation is
reported in Figure 3.20.

First, the user is asked to select points from at least three slices of the TRUS volume. In
every slice, the user has to select a variety of points ranging approximately from 4 to 12,
as detailed at the end of Section 3.3.2.2. In order to ease this process for the experiments
realized during this research, a JSON interface with the popular 3D Slicer software [384] has

been realized for this research work.
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Fig. 3.20 Workflow for TRUS segmentation with the developed methodology. The operator
needs to annotate some points in at least the apex, base, and mid-gland of the prostate. Then,
a JSON file is fed as input to an optimization routine that fits the best 2D superellipse in
every annotated slice. Then, a 3D model is built by linearly interpolating 2D models. 3D
Slicer has been exploited as GUI to speed up and ease the process.
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The user can enter two types of models when inserting points. The first is the superel-
lipse, whereas the second exploits bidimensional B-splines (as implemented by the method
scipy.interpolate.splprep). For the purposes of 3D modeling, a superellipse is then fitted to the
spline in the second case. For mid-gland slices, the B-spline configuration, especially when
10-12 points are annotated by the user, is the recommended way to proceed. When there are
few annotated points, deformable superellipse is more likely to properly work, considering
that it has a relatively low number of parameters. In particular, in the configuration with
the least possible number of points, where the user places 4 points at the base, 6 points at
mid-gland, and 4 points at the apex, the deformable superellipse should be exploited.

In order to effectively implement the optimization procedure of the 2D superellipse to
the slice points, an iterative minimization procedure has been carried out. At every iteration,
the optimizer passes a vector p of parameters to a superellipse class, which has the twofold
purpose to (i) build an object with the given parameters, (ii) measure its energy with respect
to the user-defined points.

After the object is created, the inside-outside function reported in Equation (3.17) is used
to create a mask of points that satisfies the condition for the centered superellipse. Then, these
points are transformed by using deformations in the following order: rotation, as defined in
Equation (3.20); linear tapering along y-axis, as defined in Equation (3.21); circular bending
along y-axis, as defined in Equation (3.22); translation, as defined in Equation (3.19).

The mask obtained by these transformations is subject to the morphological closing opera-
tor since holes arise during the transformation process. Then, energy for the built superellipse
can be defined as the sum of distances from user-defined points to the polygon of the mask
boundary. The point-to-polygon distance can be calculated with the pointPolygonTest method
from the OpenCV library. At the end of the minimization procedure, the optimizer will find
the best vector p for the input points given by the user.

Lastly, the 2D Deformable Superellipse models fit in multiple slices (at least three includ-
ing base, apex, and mid-gland) are exploited to reconstruct the 3D volume by performing
linear interpolation of the parameters contained in the vector p. The program also returns a
list of JSON files which can be loaded in 3D Slicer to refine the segmentation results and
eventually perform a second iteration. In the second user iteration, B-splines are exploited
for providing the contour of the prostate gland, since the user only needs to adjust boundary

points provided by the previous iteration of the algorithm.
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3.3.2.3 MRI-TRUS Registration

The described registration algorithm is segmentation-based. Indeed, both MRI and TRUS
segmentation masks are required for performing the procedure. Other authors considered
this step fundamental too [385, 386]. The particular challenge of MRI-TRUS registration is
that the anatomical areas visible in one modality may not be visible in the other.

Before starting with the registration procedure, pre-processing has been performed with
the purpose to improve and ease the fusion algorithm results. First, the 3D images have been
cropped into 3D bounding boxes (i.e. Volume of Interest (VOI)) that extend for 10mm over
the margin delineated by the segmentation mask. Then, the VOIs have been resampled to
make them isotropic and with the same resolution for both modalities.

For the binary segmentation mask, the Nearest Neighbour interpolator has been employed
to perform the resampling. Output resolution has been set to 0.3mm x 0.3mm X 0.3mm.
Segmentation masks have been smoothed with a gaussian kernel with o = 3 [386]. Lastly,
the Maurer signed distance transformation, which exploits the Euclidean Distance transform
[387], has been applied to the segmentation masks. The steps involved in the registration
pre-processing are reported in Figure 3.21.

The purpose of the initialization is to simplify the calculation of the center of rotation
and translation needed for the rigid transformation. Two kinds of initialization have been
considered: (i) based on the center of images; (ii) based on a set of landmarks.

In the first case, centers of images are calculated in the coordinate spatial system consider-
ing the origin, dimensions, and spacing of images. The geometric center of the moving image
is given as the initial center of the rigid transformation, and the vector that goes from the
center of the fixed image to the center of the moving image is given as the initial translation
vector.

The second approach, instead, determines an initial transformation by considering a set
of landmarks. It determines the optimal transform that can map the fixed image and the
moving image with respect to the least square errors of the levels of intensity [388].

Since the proposed approach aims to perform the registration of distance maps whose
intensity values have the same range of values and meaning, the dissimilarity measure
employed is the sum of squares of intensity differences (SSD). Lower values of the said
metric correspond to better results. The optimizer employed is based on gradient descent,
and is targeted at finding the set of parameters that define a transformation that optimizes the
metric as better as possible. The overall workflow employed for the registration with all the

various components described in this section is portrayed in Figure 3.22.
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Fig. 3.21 Image registration pre-processing. Original ground truth segmentation masks are
reported in the top row. Then, they are smoothed with a gaussian filter, as depicted in the
middle row. Lastly, Distance Maps are obtained from the smoothed masks, as shown in the
bottom row.
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Fig. 3.22 Proposed registration workflow. It starts with pre-processing segmentation masks,
to make them isotropic and at the same resolution. Thereafter, SSD is exploited as the
metric to perform the registration, whereas gradient descent is adopted as the optimizer. Two
kinds of initialization have been considered: one based on centers and the other based on
landmarks.
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3.3.3 Results

3.3.3.1 Segmentation

MRI Quantitative results for MRI segmentation with nnU-Net are reported in Table 3.12,
whereas qualitative results, as segmentation masks, are depicted in Figure 3.23. The nnU-Net
model trained on the PROMISE12 challenge has been used for obtaining the best results
[258, 290]. The SAML-V dataset has been obtained by sampling 24 images for validation
from the SAML dataset. It is worth noting that the Dice coefficient is higher than 88 % and
ASSD is less than 1 mm for both validation sets under consideration, showing the reliability

of the nnU-Net framework for automatic MRI segmentation of the prostate region.

Fig. 3.23 Results for prostate segmentation from MRI. The top row contains images from the
SAML dataset, whereas the second row encloses slices from ZENODO. The ground truth is
represented in red, whereas the predictions from the nnU-Net models are colored in green.
The middle image shows the prediction mask for the nnU-Net trained for only 10 epochs,
whereas the right image depicts the prediction mask for the one trained on the PROMISE12
dataset.

TRUS Quantitative results for TRUS segmentation with the developed methodology based

on deformable superellipses are reported in Table 3.13, whereas sample segmentation images
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Table 3.12 Quantitative metrics results for MRI prostate segmentation with nnU-Net. Perfor-
mance has been measured on two validation sets.

Train Set

PROMISEI2 1000
PROMISE12 1000

Epochs  Test Set Dice [%] RVD [%] HD [mm)] ASSD [mm)]

SAML-V  88.18 £10.53 17.58 +£31.61 21.03 £51.06 0.86 £ 1.14
ZENODO 91.17+1.19 413 +8.79 16.11 £3.56  0.26 + 0.01

are depicted in Figure 3.24. Three experiments have been conducted for each case, placing 4
points on the base and 4 on the apex, using only the superellipse to fit the contours. Instead,
on the mid-gland, a number of points varying from 10 to 12 has been considered, exploiting
B-splines before fitting the superellipse to finally achieve the 3D modeling of the prostate
gland. Results are reported as mean =+ std of the experiments done on each case. It is possible
to see that results are overall considerable, being the Dice coefficient greater than 87% in
all cases. Moreover, the proposed implementation is iterative, so that the user can refine
the results until it reaches the desired performance. For the purposes of this research, the
experiments stopped at the second iteration, which allowed the enhancement of results in all

cases.

Table 3.13 Quantitative metrics results for TRUS prostate segmentation with the proposed
superellipse-based approach. Results are reported for both the 1* and the 2" iterations of
the algorithm execution.

Metrics Dice [%] RVD [%] HD [mm] ASSD [mm]
st 87.15+241  -1327+834 25124558 0.53 +0.120

Cased 88.56 £2.66  -9.44 +8.88 16.10 +7.12 0.38 + 0.022
case10 8931+ 1.13  -122143.06  925+241 0.23 + 0.020
ond 9257+ 045  -4.86+0.36 937 +2.53 0.17 £ 0.015

st 90.76 + 139 -546+3.61 2330 +9.58 0.30 + 0.049

Case 12 5 9247 +030  -1.87+ 124 21.26 +8.22 0.23 +0.048

3.3.3.2 Registration

Quantitative results for registration across the two considered imaging modalities, TRUS
and MRI, are reported in Table 3.14 for the configurations with and without landmarks,
respectively. An example of the workflow for the image fusion is depicted in Figure 3.25.
The Dice coefficient is higher than 91 % for all the cases, and HD is less than 4 mm,

demonstrating that the developed registration method is promising.
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Fig. 3.24 Qualitative results for prostate segmentation from TRUS. The left image portrays
the ground truth prostate mask in red. The right one instead depicts the segmentation results

both after the first and second iteration in green and yellow colors, respectively.

Table 3.14 Quantitative registration results. Results are shown in two different configurations.
The first exploits as the initializer the center of the images, whereas the second employs a set

of landmarks.

Experiments

Dice [%] Jaccard [%] RVD[%] HD [mm]

casel0-center
casel0-landmarks
casel2-center
casel2-landmarks
case9-center
case9-landmarks

91.77
91.78
94.82
94.85
93.61
93.60

84.79
84.80
90.15
90.21
87.99
87.98

-0.86
-0.87
-5.79
-5.79
-1.86
-1.88

3.77
3.77
2.12
2.09
3.55
3.60
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Fig. 3.25 Image fusion workflow. Segmentation masks are obtained for both domains: TRUS
and MRI. Then, the registration is performed as described in Section 3.3.2.3, so that images
can be fused. Both masks have been shown after the registration procedure.

3.3.3.3 Discussion

Prostate segmentation is a pivotal, but strenuous to accomplish, task that is required for
targeted prostate biopsy procedures. Moreover, every transducer for TRUS can produce
different images, resulting in a variety of conditions that makes it difficult to transfer what
has been learned on one dataset to another. Lastly, the lack of annotated datasets for TRUS
segmentation adds to the peculiarity of the task. Indeed, the ZENODO dataset, which consists
of merely 3 images, was the only one disposable for the research work herein described.
The deformable superellipses are shape models that allow modeling a variety of geometry
deformations starting from ellipses, which can resemble the most common prostate shapes.
In fact, the prostate shape can be well approximated by a tapered ellipsoid [293]. When
the procedure is performed, the transducer induces a slightly posterior deformation in the
patient’s prostate which can be modeled, for instance with the bending parameter b.
Therefore, this work proposed a novel formulation of the deformable superellipse to
make it a suitable method for TRUS segmentation, also in the absence of training data from
a given transducer. Other approaches, like that of Gong et al. [294], require edge detection
algorithms, so that could be exploited for automatic segmentation, but on the other side,
demand training data from the specific transducer. The advantage of the proposed method is
that it can be applied in any circumstance, only necessitating a moderate interaction with the

physician, and always yields considerable results.
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In the experiments carried out for this study, the proposed method required 41 + 7 s
for placing the points in three or four slices, whereas it took 5 + 1 s to build the 3D model.
The time needed for the second iteration was more variable—74 + 32 s. The superellipse
implementation of Mahdavi et al. [293] took 32 + 14 s for initialization, which is similar to
the time needed to place the initial user-defined points in the proposed approach. On the
computational side, it needed 14 + 1 s, which is more than the considered implementation.
Furthermore, in their case, segmentation refinement can be performed by the user, with a
time ranging between 1 and 3 minutes. It is not possible to directly compare the proposed
approach with the work of Gong et al. [294] since their method is capable of performing
segmentation in less than 5 s per slice, but it only delineates 2D boundaries.

The developed methodology managed to achieve respectable results, reaching the Dice
coefficient a value higher than 87% in all images considered in the test set, composed by the
ZENODO dataset. Then, the research focused on proving the applicability of this module
in a targeted biopsy setup. So, the nnU-Net framework has been exploited for the task of
performing segmentation from MRI, achieving a Dice coefficient of more than 88% on the
SAML-V dataset and higher than 91% on the ZENODO dataset.

Lastly, a custom registration procedure has been developed, which consented to reach a
Dice coefficient higher than 91% and HD lower than 4mm in all cases, showing the effective-
ness of the proposed framework in a clinical application. In the registration framework, two
initializers have been considered: (i) one based on centers of images and (ii) one which relied
upon a set of landmarks. From the obtained results, it is possible to note that the former
allowed to reach Dice coefficients of 91.77%, 94.82%, 93.61%, and HD of 3.77mm, 2.12mm,
3.55mm, whereas the latter managed to achieve Dice coefficients of 91.78%, 94.85%, 93.60%,
and HD of 3.77mm, 2.09mm, 2.29mm. Hence, the two methods provide similar results.
Therefore, also a simpler center-based initialization can be adopted for the affine registration
procedure.

Overall, the obtained results, for both segmentation methods, are satisfactory for the
implementation in a targeted prostate biopsy setup. The registration framework can eventually
be improved, by exploiting deformable models also in this stage, eventually allowing better

results for the image fusion procedure.

3.3.4 Summary

Prostate segmentation from MRI and TRUS is a complex challenge but may have a huge

impact on clinical setups for fusion biopsy. For what concerns MRI, with the advent of the
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nnU-Net framework, the challenge is more easily met since a standardized pipeline can be
employed for semantic segmentation. However, there is still a lack of substantial data and
standardized methodologies for TRUS images. In this thesis section, an approach that can
be employed in the absence of training data is proposed; the underlying concept mainly
relies on the theory of deformable superellipses. With the only requirement of moderate user
interaction, the developed methodology reliably segments the prostate from TRUS images.
To show the effectiveness of the overall workflow, as well as the feasibility of implemen-
tation in a real-world clinical scenario, an image fusion procedure which relies on image
registration between TRUS and MRI was developed. Hence, a semiautonomous segmentation
framework for prostate cancer from TRUS images has been successfully realized, without
relying on a large-scale dataset. Furthermore, the proposed framework can be employed as
an annotation tool to ease and speed up the construction of prostate segmentation datasets,
easing the future development of fully automated methods. Finally, another direction to
investigate comprehends deformable registration techniques to further improve the image

fusion step.

3.4 Lung COVID-19 Characterization

The study described in this section aims to propose a method for characterizing the lung
parenchyma and lesions of COVID-19 patients with respect to the onset of PTE. Accurate
segmentation of these ROIs is the prerequisite for accomplishing this task. Contrarily
to healthy lung parenchyma segmentation, which can be obtained with thresholding, the
segmentation of the lesions caused by interstitial pneumonia is not an easy task, since
the lesions may be confused with surrounding tissues and vessels. Both a healthy lung
parenchyma model and a lesion model have been trained in order to correctly segment all of
the lungs belonging to COVID-19 patients.

The first part of this study posed the basis for further analysis of the segmented region,
which may be used to establish a relationship between lesions and the onset of PTE. In the
second part of this research work, different slices were selected from each CT scan, and
feature extraction has been performed in these regions. These radiomic features were used
for characterizing lungs in PTE and non-PTE patients.

According to the state-of-the-art presented in Section 2.2.7, no other author has considered
the problem of performing statistical analysis of radiomic features from lung and lesion

regions with respect to the onset of PTE in COVID-19 patients.
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3.4.1 Materials

The study considers 20 CT scans of patients diagnosed with COVID-19 from the Polyclinic
of Bari. Nine of these patients developed PTE. CT acquisition parameters were the following:
slice thickness 0.6 mm, tube voltage 120 kVp, rotation time 0.33 s, pitch 1.2, and acquisition
time 2.94 s. Images were reconstructed with a slice thickness of 1 mm in mediastinal and
lung settings. Expert radiologists provided COVID-19 lung lesions (8 CT scans) and lung
parenchyma (4 CT scans) annotations.

Publicly available datasets have also been considered for this work. Jun et al. provided a
collection of 20 CT scans from COVID-19 patients with annotations of the left lung, right
lung, and lesions [389]. Two datasets are available at MedSeg (http://medicalsegmentation.
com/covid19/, last accessed: 9 October 2021). The first consists of 100 axial CT slices,
coming from openly accessible JPG images of more than 40 patients, whereas the latter
i1s composed of 9 volumetric CTs taken from Radiopaedia (https://radiopaedia.org/, last
accessed: 9 October 2021). 1t should kindly be noted that Radiopaedia images have already
been considered in the dataset by Jun et al. [389].

Zaffino et al. described a procedure for performing segmentation of CT images in COVID-
19 patients by employing unsupervised learning techniques [390]. The authors realized a
publicly available dataset composed of 50 CT scans with related annotations for healthy
lungs, ground-glass opacity (GGO), lung consolidation (LC), and denser tissues.

Lastly, a dataset of patients with other lung ailments, VESSEL12 (https://vessell2.
grand-challenge.org/, last accessed: 9 October 2021), has been considered. It comes from a
challenge organized in conjunction with the IEEE International Symposium on Biomedical
Imaging (ISBI 2012), held in Barcelona, Spain, from 2 to 5 May, 2012.

The summary of considered datasets is reported in Table 3.15, whereas example images
are illustrated in Figure 3.26. The materials herein presented have been exploited for the

analysis described in Section 3.4.2.

3.4.2 Workflow

In order to realize the segmentation of lung parenchyma and lesions, two CNN models based
on the V-Net architecture have been trained, but considering the 2.5D and 2D variants with the
same Dice loss formulation provided by Altini et al. [56]. For the task of lesion segmentation,
two classes were considered: GGO and LC, as also detailed in Section 3.4.1. For that case, a
multi-Dice loss formulation was provided, obtained by averaging the Dice loss across the

two classes. Binary classification soft Dice coefficient is defined as in Equation (3.32).


http://medicalsegmentation.com/covid19/
http://medicalsegmentation.com/covid19/
https://radiopaedia.org/
https://vessel12.grand-challenge.org/
https://vessel12.grand-challenge.org/
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Fig. 3.26 CT scans dataset of COVID-19 patients. Top row: CT scans from the local dataset
from the Polyclinic of Bari. Bottom row: annotations provided by expert radiologists. Green
denotes ground-glass opacity (GGO), whereas blue indicates lung consolidation (LC).

Table 3.15 COVID-19 CT scans datasets. Datasets considered for this section. A stands
for air, LP stands for lung parenchyma, LL stands for lung lesions, LC stands for lung
consolidation, GGO stands for ground-glass opacity, and DT represents dense tissues.

Dataset Acronym Sample Disease Annotation
Jun et al. [389] D1 20CT COVID-19 LP, LL
VESSEL12 D2 aocr ~ Otherlung LP
diseases
Ours D3 20CT COVID-19 LP, GGO, LC
Zaffino et al. [390] D4 50 CT COVID-19 A, LP, GGO,

LC, DT
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Then, binary classification Dice loss can be defined as in Equation (3.33).
DLs=1—Dg (3.33)
Multi-class classification Dice loss can be defined as in Equation (3.34):
1 K—1
MDLg = —— DLg. 3.34
S = %1 ]; S; (3.34)

where N represents the number of voxels in the batch, € shows a constant for avoiding
numeric errors, and K is the number of classes. It should be noted that the background
class is not considered in the MDLg calculation (j = O is not in the sum). In order to train a
model capable of segmenting both lung parenchyma and lesions, the workflow followed is as
depicted in Figure 3.27. For the lung segmentation model, images were pre-processed by
considering a HU values range of [—1250,250], clamping values out of this range, and then
rescaling into [0, 1] for easing the training procedure.

A train set of 32 CT scans has been realized from the three datasets D1, D2 and D3
introduced in Table 3.15. In particular, 8 CT scans have been randomly selected from D1, 16
CT scans from D2, and 8 CT scans from the local dataset D3. The training sets are denoted
as T1, T2, and T3, respectively. As a validation set, 2 CT scans have been randomly selected
from D1, 4 CT scans from D2, and 4 CT scans from D3. These validation sets are denoted as
V1, V2, and V3, for an overall validation set of 10 CT scans. A lung segmentation model
was trained with 2.5D V-Net on the T1 and T2 train sets, whilst a lung lesion segmentation
model was trained with 2D V-Net on the T3 train set.

The models were validated in a ’combinate’ usage on the final validation set. Namely,
the masks obtained from both models were merged, exploiting the logical OR operation,
resulting in a final lung mask. Lastly, a post-processing stage composed of the following
three operations was performed. First, a binary morphological opening was carried out on the
predicted mask by adopting a ball kernel with a radius of 5 voxels in order to remove noisy
points. Afterward, only the two largest connected components were retained, considering
that two lungs appear in the human body. Finally, a binary morphological closing operation

was carried out to fill holes in the image using a ball kernel with a radius of 10 voxels.
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3.4.3 Radiomic Features

Radiomics refers to the high-throughput extraction of several features from radiographic
images, and it is more commonly used for characterizing solid cancers [8]. The important ap-
plications include non-small-cell lung cancer [391], head-and-neck cancer [14], glioblastoma
[392], hepatocellular carcinoma [173], and breast cancer [393] among many others.

To implement the feature extraction pipeline, the PyRadiomics library has been exploited
[318], which defines most of the image features in compliance with those prescribed by
the Imaging Biomarker Standardization Initiative (IBSI) [319]. Eventual differences are
explicitly stated in the PyRadiomics documentation.

From a radiological point of view, any fundamental CT alteration (ground-glass opacity,
consolidation, linear opacity, nodules) can be found in COVID-19 interstitial pneumonia as
well as in neoplastic lesions. Tumors are usually discrete focal lesions, while in inflammatory
conditions, such as COVID-19 pneumonia, the same findings may be widely and bilaterally
distributed. Therefore, the different distribution of the lesions is decisive for a correct
interpretation.

According to Gillies et al., radiomic features can be distinguished into two categories:
“semantic” and ‘“agnostic” features [394]. The first refers to those that are generally adopted
by radiologists to describe ROIs, whereas the latter are those devoted to capturing lesion
heterogeneity via quantitative descriptors. Throughout this thesis, agnostic features have
been considered. These features include first-, second-, or higher-order statistical indicators.

First-order statistical indicators refer to histogram-based features, which do not take into
account the spatial relationships of voxels but only consider the distribution of individual
voxels. Starting from an RO, it is possible to extract from the histogram descriptors, such
as mean, median, energy, entropy, minimum, maximum, percentiles, interquartile range,
skewness (an indicator of asymmetry), kurtosis (a descriptor of flatness), and so on.

Second-order statistical indicators are those usually referred to as “texture” features; they
have the potential to explain spatial interrelationships between voxel intensity values. They
can be derived for instance by the GLCM, which allows measuring the existence of voxels
with the same intensities along a given direction, or from the GLRLM, which allows the
quantification of repeated voxels with the same intensity along given directions. Starting
from the GLCM, it is possible to extract features like correlation, contrast, auto-correlation,
dissimilarity, energy, cluster tendency and shade, difference entropy, and so on. Instead,
from the GLRLM, it is possible to extract features that describe short-run and long-run run
emphasis, run length and gray-level non-uniformity, low and high gray-level run emphasis,

run percentage, and so on [13].
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Higher-order statistical indicators can be attained by applying statistical methods after
having performed filtering or mathematical transformations to images. Instances of such
transformations are wavelet transforms or Laplacian transform of Gaussian-filtered images,
which can permit the extraction of zones with texture patterns that become more coarse [12].

Lastly, shape features are those that describe the geometric properties of the delineated
ROI, such as maximum surface, volume, maximum diameter along diverse orthogonal
directions, sphericity, and compactness. Shape features can be extracted from both 2D
and 3D ROlIs. It is worth noting that this kind of analysis can lead to the generation of
feature vectors with hundreds of elements, with the risk of retaining redundant information.
Moreover, the number of extracted features can be higher than the sample size, reducing
the power and the generalization capability of the study. Therefore, the exploitation of
feature selection or dimensionality reduction techniques is strongly recommended in order to

generate highly informative, reproducible, and non-redundant feature vectors [13].

3.4.4 Results
3.4.4.1 Segmentation Experimental Results

From the experiments conducted, it was possible to obtain the metrics reported in Table 3.16.

Example CT scans, ground truth, and predictions can be seen from Figure 3.28.

Table 3.16 Experimental results for lung segmentation in COVID-19 patients from CT scans.
LM stands for lung model, LLLM stands for lung model plus lesion model. LLMPP stands
for lung model plus lesion model plus post-processing.

Precision Recall Dice RVD ASSD MSSD
[%] [%] [%] [%] [mm] [mm]

LM 98.58+0.92 95.58+£4.78 96.98+2.46 —-3.03+£5.16 1.68+1.06 91.29+33.67
LLM 98.35+095 96.89+£3.42 97.58+1.76 —-1.47£3.79 1.71+£0.92 96.21+£29.38
LLMPP 99.33+£049 95.77+3.73 97.48+£198 —-3.58+3.86 0.95+£0.68 37.04+27.03

Model

It can be clearly observed that the lung model (ILM) appears to have some trouble in
predicting the whole lung region when it is highly lesioned. In order to overcome these
difficulties, it was combined with a lesion model, resulting in the lung model plus lesion
model (LLM) that is more likely to individuate the lung correctly with lesioned regions.
Since the human body carries only two lungs, and they form a closed structure from a
morphological point of view, applying post-processing based on morphological operators

and connected component analysis can offer several benefits. In fact, it can be seen that



3.4 Lung COVID-19 Characterization

119

Final
Mask

D1 D2 D3
[ti]  [va] [12] [v2] [3] [v3]
T1 . L
- > 2. 5-|I;—a\}?Net -1 Pare #:hgyma
Model
i Lung
—> ZDTr\?.Iaet — LeL;ion
Model

T

Fig. 3.27 Workflow for segmentation of lung parenchyma and lesions. CT scans, coming from
three datasets, are clipped to [—1250,250] and then normalized by rescaling in the range
0, 1]. Two separate models are trained, a 2.5D V-Net exploiting T1 and T2, and a 2D V-Net
exploiting T3. Final results are obtained by merging the masks from the two models with the
logical OR operation. Metrics are assessed on the union of V1, V2, and V3 validation sets.
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Fig. 3.28 Example CT scans and predictions. (a) original CT scans; (b) ground truth
from radiologists at the Polyclinic of Bari; (¢) lung model predictions; (d) lung model
predictions combined with lesions predictions; (e) lung model predictions combined with
lesions predictions, after post-processing.
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MSSD is reduced from an average of more than 90 mm to an average of 37 mm with the

lung model plus lesion model plus post-processing (LLMPP).

3.4.4.2 Radiomics Lung Characterization

In this phase, the features extracted from the 20 slices containing the largest portions of
the lung from each CT scan have been investigated in order to detect differences in feature
distribution between patients who developed PTE or not. In order to obtain the mask of the
lung, the methodology for semantic segmentation developed in Section 3.4.2 of this thesis
has been exploited.

According to the analysis of the state-of-the-art, the possibility to characterize lung
parenchyma and lesions with radiomics methodologies from COVID-19 patients, with
respect to the onset of PTE, has never been explored before; therefore, this can be considered
one of the main contributions of the current section of the thesis.

PyRadiomics, introduced in Section 3.4.3, has been configured to extract features by
considering the original image, five versions of the image after having applied Laplacian
of Gaussian (LoG), with sigma ranging from 1.0 to 5.0, and Wavelet versions of the image.
Later, the subsequent classes of features were considered: 2D shape descriptors (shape2D),
first-order statistics (firstorder), texture classes gray-level co-occurrence matrix (glem) [20,
332, 333], gray-level run length matrix (glrlm) [395, 396], gray-level size zone matrix (glszm)
[397], gray-level dependence matrix (gldm) [398], neighboring gray-tone difference matrix
(ngtdm) [399].

CT scans were considered in a 2D slice-wise fashion on the axial plane, resampling x
and y axes to a resolution of 1 mm, exploiting the sitzkBSpline interpolator. According to
PyRadiomics documentation, CT intensity values reflect absolute world values (HU), which
should be comparable across scanners. In studies where multiple scanners are considered,
researchers have to check if extracted features are correlated to the scanner adopted, to avoid
the risk of models capturing batch effects. However, given that the considered cohort comes
from the same hospital, these issues are not a reason for concern. Image discretization was
performed with a bin width set to 25, often considered as default in PyRadiomics usage. This
process resulted in the extraction of 919 features for 400 samples (20 slices for each of the
20 CT scans).

Features have been visualized in a low-dimensionality space, by both considering prin-
cipal component analysis (PCA) [400] and t-SNE [401]. For further visual understanding,
the result of the 2D embedding space with PCA and t-SNE space is portrayed in Figure
3.29. No clear pattern emerged from either PCA or t-SNE embedding plots starting from the
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original feature space, but the feature representation improves after having selected a subset
of uncorrelated and significant features.

Likewise, a feature reduction procedure has been performed by considering statistical
Mann—-Whitney U tests on the designated radiomic feature set. In particular, the features for
which the corresponding corrected p-value was lesser than 0.01 (their distribution was tested
for both PTE and non-PTE samples) have been retained, resulting in an array of 109 features.
The Holm-Sidak correction was exploited to counteract the multiple comparisons problem
[402].

Starting from these 109 features, the correlation matrix has been investigated with a
cluster map, in order to assess the correlations between the features and eventually reduce
the feature set. Cluster map performs hierarchical clustering. In the case under analysis, the
unweighted pair group method with arithmetic mean (UPGMA) [403] clustering algorithm
was used, with Euclidean distance as metric. To visualize the cluster map, kindly refer to
Figure 3.30. Indeed, it is possible to see that there are clusters of correlated features. In
particular, many features of the groups glcm, glrim, glszm show high intra-family correlation.
Consequently, features with a correlation higher than 0.5 were removed, resulting in nine
uncorrelated radiomic features that can be considered for the realization of a prognostic
signature related to PTE assessment in COVID-19 patients. The procedure exploited for
removing correlated features is reported in Algorithm 1.

The nine radiomic features proposed to compose a prognostic signature are:

1. original_glem_MaximumProbability, defined in Equation (2.29);

2. original_glszm_GrayLevelVariance, defined in Equation (2.38);

3. original_gldm_DependenceEntropy, defined in Equation (2.41);

4. log-sigma-1-0-mm-3D_glcm_InverseVariance, defined in Equation (2.31);

5. log-sigma-2-0-mm-3D_glrlm_GrayLevelVariance, defined in Equation (2.43);

6. log-sigma-2-0-mm-3D_glrim_LongRunLowGrayLevelEmphasis, defined in Equation
(2.45);

7. log-sigma-2-0-mm-3D_ngtdm_Contrast, defined in Equation (2.47);
8. log-sigma-4-0-mm-3D_firstorder_Skewness, defined in Equation (2.48);

9. wavelet-HH_glcm_ClusterShade, defined in Equation (2.32).
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Fig. 3.29 Radiomic features in the 2D PCA and t-SNE spaces. (Top left) PCA starting from
the 919 features; (top right) PCA starting from the radiomics signature of nine uncorrelated
and significant features; (bottom left) t-SNE starting from the 919 features; (bottom right)
t-SNE starting from the radiomics signature of nine uncorrelated and significant features.
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Algorithm 1: Correlated Features Removal.
input :X, the original dataset, an N X P matrix
€, the correlation threshold // set to 0.5
output : LC, the list of correlated features to remove

LC={}
Rxx = corr(X,X) // Rxx is a Px P matrix
i=0
while i < P do
j=0
while j <ido
if (Ryx i, j] > €) A (j ¢ LC) then
| LC=LCu{i}
end
j=j+1
end
i=i+1
end

These feature names, derived from PyRadiomics, are composed of three parts, divided by
the underscores.

The first part refers to the image from which the features were extracted. It could be
the original image (original), the image after having applied LoG with a given sigma (log-
sigma-), or the image after having applied wavelet transform (wavelet-). In particular, four
decompositions per level were obtained with Coiflets [404, 405] from 2D slices; that is,
all possible combinations of applying either a high or a low pass filter in each of the two
dimensions. The parameter N of the Coiflets was set to 1.

The second part refers to the kind of features, as first-order statistical indicators (firstorder),
second-order statistical indicators (as glcm or glrlm), and so on.

The last part refers to the specific feature name inside its family, as defined by the
PyRadiomics documentation [318], which can be consulted for further information. Appendix
2.2.7.1 summarizes mathematical details and definitions for the features exploited in this
study.

Violin plots showing the difference between distributions for PTE and non-PTE cases are
reported in Figure 3.31. Statistics concerning the distributions of these features for PTE and

non-PTE cases are reported in Table 3.17.
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Table 3.17 Statistics for feature distribution between PTE and non-PTE cases. Std is the
standard deviation and IQR is the interquartile range. Uprg and Uy,,—prE are the two-sided

U statistics.

Mean Median Std IQR
Feature "' \.PTE PTE Non-PTE PTE Non-PTE PTE Non-PTE PTE UP76  Uon-rrE
1 0.0485 00683 00390 00519 00322 00430 00325  0.0644 24999 14601
2 749736 843911 742459  821.026  119.081 218.129 110752 218.576 25849 13751
3 68.824 66891  71.056  66.667  0.5538 04505  0.6482 05939 14637 24963
4 04233 04029 04162 04032 00210 00258  0.0269  0.0389 11459 28141
5 142.651 137572 148364 132.101 26378  20.881 30981 22403 14731 24869
6 00137 00164 00123 00160  0.0053 00057 0.0079  0.0065 25470 14130
7 0.0088  0.0078  0.0087  0.0074  0.0021  0.0024  0.0027  0.0041 14680 24920
8 —0.3484 —0.1261 02963 —0.1591 02789 03489 03635 04178 25838 13762
9 0.6364 —04777 —0.0010 —0.0092 15061 24794  0.0544  0.0322 14646 24954

Table 3.18 Literature overview for COVID-19 image tasks. Considered tasks include seg-
mentation, detection, and classification. CT stands for computed tomography, ROC stands
for receiver operating characteristic, IoU stands for intersection over union, AUC stands for
area under the curve, AP stands for average precision, NPV stands for negative predictive
value, PR stands for precision-recall, MCC stands for Matthews correlation coefficient, CNN
stands for convolutional neural network, FCN stands for fully convolutional network, R-CNN
stands for region-based convolutional neural network, DPN stands for dual path network,
FRAGL stands for fuzzy region-based active contours driven by weighting global and local

fitting energy.

Author

Method

Materials

Task

Results

Wu et al. [307]

Joint classification and
segmentation (JCS)

144,167 CT images
(3,855 annotated)

Real-time and explainable
COVID-19 classification

Classification: sensitivity = 0.95,
specificity = 0.93;
segmentation: Dice = 0.78

FRAGL: Dice = 0.96, Jaccard = 0.93,

Akbari et al. [308] Active Contour 100 CT images COVID-19 lesions segmentation F1 = 0.66, precision = 0.91, recall = 0.53
Objective assessment of
Cao et al. [309] U-Net-like CNN 2 CT scans pulmonary involvement Qualitative
and therapy response in COVID-19
accard = 0. ice = 0.89
Firefly algorithm and multi-thresholding achL:lrLaLclrd— 0(;28 4, r[e);:ono—xi)b’%
Rajinikanth et al. [310] based on Shannon entropy + 100 CT images COVID-19 lesions segmentation Y =922 precision =0.92,

Markov Random Field segmentation

sensitivity = 0.95, specificity = 0.94,
NPV =0.93

Rajinikanth et al. [311]

Harmony search optimization
and Otsu thresholding

90 CT coronal slices +
20 CT axial slices

COVID-19 lesion segmentation

Infection rate

Ter-Sarkisov et al. [312]

One shot model based on Mask R-CNN

750 CT images for segmentation +
1492 for classification

COVID-19 classification and
lesions segmentation

Segmentation: AP@0.5 IoU = 0.614,
Classification: accuracy = 0.91

Zhao et al. [313]

Multi-task learning and
self-supervised learning

349 COVID-19 CT images +
463 non-COVID-19 CT images

COVID-19 classification

F1=0.90, AUC =0.98,
accuracy = 0.89

Wang et al. [314]

Segmentation: FCN, U-Net,
V-Net, 3D U-Net++;
Classification: ResNet-50, inception,
DPN-92, attention ResNet-50

1,136 CT images

COVID-19 pneumonia detection

Sensitivity = 0.97,
specificity = 0.92,
AUC =0.991

Oulefki etal. [315]

Improved Kapur entropy-based
multilevel thresholding procedure

275 CT images from
COVID-CT-dataset +
22 CT images (local)

COVID-19 lesions segmentation

Accuracy = 0.98, sensitivity = 0.73,
F1=0.71, precision = 0.73,
MCC =0.71, Dice = 0.71,
Jaccard = 0.57, specificity = 0.99

Zheng, Wang et al. [316, 317]

U-Net + 3D deep neural network

499 CT volumes (train) +
131 CT volumes (test)

Lung segmentation +
COVID-19 classification

ROC AUC = 0.96, PR AUC = 0.98,
sensitivity = 0.91, specificity = 0.91
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Fig. 3.30 Cluster map for the radiomics features.
with corrected p-value lesser than 0.01.
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109 radiomic features have been considered,
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Fig. 3.31 Violin plots for the subset of 9 significant and uncorrelated features. (a) glcm
maximum probability of the original image; (b) glcm gray level variance of the original
image; (c) gldm dependence entropy of the original image; (d) glcm inverse variance of the
LoG (Laplacian of a Gaussian) version of the image with ¢ = 1; (e) glrlm gray level variance
of the LoG version of the image with o = 2; (f) glrlm long run low gray level emphasis of
the LoG version of the image with sigma = 2; (g) ngtdm contrast of the LoG version of the
image with o = 2; (h) histogram skewness of the LoG version of the image with ¢ = 4; (1)
glem cluster shade of the HH wavelet version of the image. Scales of values on y axis have
to be multiplied by a factor of 10 for the plots: (b), (c), (e).
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3.4.4.3 Discussion

Several authors have already dealt with the problem of COVID-19 detection from CT scans
[307, 312, 313, 316, 317] or focused on the task of lung and lesion segmentation [308, 310-
312, 315-317].

The patients from the local cohort considered for this study were all diagnosed with
COVID-19 since the objective was not that of realizing another algorithm for COVID-19
detection. The methods, materials, and results adopted by the related works are summarized
in Table 3.18. It is possible to see that COVID-19 classification algorithms manage to
obtain high performances. In regard to the segmentation, it is worth noting that some
authors did not provide quantitative comparable metrics [309, 311]. Other authors provided
metrics for lesions’ segmentation, but not for lung parenchyma and lesion joint segmentation.
Nonetheless, it is possible to see from the performed experiments that the proposed model is
better at segmenting lungs with respect to models that have been trained only on non-COVID-
19 patients.

According to the state-of-the-art analysis, no other work in the literature considered
the possibility of exploiting radiomics methodologies in order to characterize the lungs
between PTE and non-PTE patients. As can be seen from Figure 3.31 and Table 3.17, the
designated features show different characteristics, from a statistical point of view, among the
two conditions. This can aid in posing the basis for the development of a reliable predictive
model, which will need to be tested on external and larger validation sets. Instead, in this

thesis work, the main focus was on the feature selection and statistical analysis stage.

3.4.5 Summary

The COVID-19 pandemic has led to drastic impacts on the world. To address the deadliest
complications of COVID-19, CT scans are routinely adopted in diagnostic and prognostic
procedures. The task of manually segmenting lung parenchyma and lesions is tedious
and error-prone, and it can suffer from intra- and inter-operator variability. Therefore, an
automated workflow for segmenting lung lesions and parenchyma has been proposed, aiding
the work of radiologists and posing the basis for further analysis of the segmented region.
The segmentation stage achieved accurate results with a mean Dice coefficient of 97.48%
and a mean ASSD of 0.95 mm for the chosen model.

In this preliminary study, 20 CT scans have been collected from the Polyclinic of Bari, all
from patients positive for COVID-19. Nine of these patients developed PTE, which is a very

unfavorable complication of COVID-19. To construct the ground truth, lung parenchyma
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and lesions have been labeled by expert radiologists for 4 and 8 CT scans, respectively.
Combining these annotations with publicly available datasets, a training set of 32 CT scans,
and a validation set of 10 CT scans have been built.

CT scans are the clinical routine procedure to assess the severity of lung lesions but
do have not the same sensitivity as CTA scans to diagnose PTE. In this study, a radiomic
signature has been extracted to characterize the patients with a higher risk of PTE onset.
The outcome of this stage consisted of the derivation of nine uncorrelated features that
show significantly different statistical distributions according to the Mann—Whitney U test.
However, more data need to be acquired in order to better understand the generalizability of

the discovered feature set, which is considered an interesting direction for future work.



Chapter 4

Pathomics and Applications of Deep
Learning in Digital Pathology

4.1 Stain Color Normalization in CRC Histopathology

A reliable pipeline for stain color normalization and tissue classification in H&E samples
of patients with CRC is presented in this section. For the stain color normalization stage,
five GANs based on the UI2IT framework have been thoroughly compared. Furthermore,
four traditional image processing normalization techniques [406—410] have been considered
as baselines. In order to assess the feasibility of the proposed solution, an evaluation of
the generated tiles has been realized by an expert pathologist, introducing a metric defined
as Pathologist Perceptive Quality (PPQ). Afterward, three CNNs have been considered as
feature extractors from tile normalized with the previously mentioned techniques. An SVM
has been trained on top of deep features, in order to assess the classification accuracy of the
developed CAD system.

Contrarily to what is usually done in stain color transfer, where a generative model is
trained between each pair of domains, a meta-domain — TCGA — composed of the union of
data coming from several laboratories, has been considered in place of the source domain in
the training phase of the stain color normalization module. With the only need to eventually
perform a double normalization at inference time, on both source and target classification
domains, the proposed methodology has the advantage of avoiding the expensive process of
training multiple GANSs.

Summarizing, in the work proposed in this section, the following innovative contributions
are introduced: (i) an extensive comparison of normalization techniques in order to assess the

most reliable ones for validating tissue classifiers on data coming from different laboratories;
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(11) an investigation of features extracted from deep CNN architectures for CRC tissue
classification; (iii) an evaluation method for assessing the quality of generated tiles from
expert pathologists, resulting in the conceptualization of a novel perceptive metric, PPQ;
(iv) a setup for UI2IT stain color normalization which does not require to train style transfer
GANSs between every pair of data domains; (v) a collection of a validation cohort of samples
enrolled at the IRCCS Istituto Tumori Bari “Giovanni Paolo II”, resulting in a publicly
available dataset of 10 WSIs and N=15,857 annotated tiles [411].

Section 2.3.1.1 details related works in both colorectal cancer tissue classification and
stain color normalization. The remainder of this section is structured as follows. Section
4.1.1 presents materials and methods adopted for this research. Firstly, the datasets collected
and employed for the study are described. Then, image processing and deep learning-based
normalization techniques are presented, with a special focus on UI2IT settings. Evaluation
metrics for assessing the quality of generated normalized images are described, with specific
considerations for histopathological scenarios. The experimental UI2IT setting, which
exploits a meta-source dataset, is introduced. Section 4.1.2 presents the experimental results,
both for the quality of normalized images and for the classification task, which are then
discussed in Section 4.1.3. Finally, conclusions and directions for future works are portrayed
in Section 4.1.4.

4.1.1 Materials and Methods
4.1.1.1 Datasets

Two kinds of datasets have been collected for this research: datasets for stain color normal-
ization and for multi-class classification. All datasets contain histopathological image tiles
belonging to WSIs of patients diagnosed with CRC.

For what concerns stain color normalization, the considered datasets are: (SD1) a dataset
introduced by Kather et al. [412]; (SD2) a local dataset collected at IRCCS Istituto Tumori
“Giovanni Paolo II”. The SD1 dataset is composed of image tiles coming from 604 CRC
WSIs in the TCGA database, while the SD2 dataset is composed of image tiles coming from
58 WSIs. All tiles have dimensions of 512 x 512 px at 0.5 um/px. SD1 and SD2 have been
used to construct two tile-level datasets, each with a training set of N=100,000 tiles and a
test set of N=50,000 tiles.

With respect to the multi-class classification, the considered datasets are: (CDT) a dataset
introduced by Kather et al. [25, 412]; (CDV) a local dataset collected at IRCCS Istituto

Tumori “Giovanni Paolo I1”.



4.1 Stain Color Normalization in CRC Histopathology 132

The CDT dataset [25, 412] is composed of N=100,000 image tiles from H&E histological
tissue of humans with CRC, subdivided into nine tissue classes. The size of the images is
224 x 224 pixels, which corresponds to 112 x 112 pm?.

The CDV dataset is composed of N=15,857 tiles coming from 10 WSIs. The tiles have
dimensions of 224 x 224 pixels which correspond to 116 x 116 um?. The dataset has been
annotated by an expert pathologist and has been made publicly available [411], to ease
the development and comparison of computational techniques for CRC histological image
analysis.

Both the datasets have been classified into the following seven classes, as done in a
precedent work [20]: TUM — tumor epithelium; MUSC_STROMA - the union of SIM-
PLE_STROMA, encompassing smooth muscle, tumor stroma, and extra-tumor stroma, and
COMPLEX_STROMA, consisting of stroma or smooth muscle containing single tumor cells
and/or few, non-aggregated immune cells; LYM — lymphoid follicles and other immune-cell
conglomerates; DEBRIS_MUCUS — hemorrhage, mucus, and necrosis; NORM — normal
mucosa; ADI — adipose tissue; BACK — background.

To accomplish this categorization for the CDT dataset, the DEBRIS_MUCUS class has
been built by combining the DEB and MUC classes; instead, the MUSC_STROMA class has
been constructed by fusing the MUS and STR classes. The CDT dataset obtained with this
procedure is composed of N=77,805 tiles, considering that only half of the images of the
merged classes have been retained, for maintaining class balancing during training.

For both the locally collected datasets, namely, SD2 and the CDV, the Institutional Ethics
Committee of the IRCCS Istituto Tumori “Giovanni Paolo II”” approved the study (Prot n.
780/CE).

Figure 4.1 portrays frequency distribution and example tiles from normalization and

classification datasets.

4.1.1.2 Image Processing Normalization

Histopathology involves a manual staining procedure for preparing tissues prior to mi-
croscopic imaging for diagnosis. This is a non-standardized procedure that may cause
considerable variability in the color characteristics of tissue samples from different laborato-
ries; this can occur due to inconsistent tissue staining, color responses to different scanners,
or differences in raw materials and stain manufacturing techniques. Stain color variation
degrades the performance of CAD systems. In the presence of severe color variation in
histopathological images, stain color normalization, which is achieved by removing the stains

for visual enhancement, is a common practice.
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Fig. 4.1 Datasets exploited for the stain normalization and the downstream classification

task. SD1 and SD2 are the datasets for stain normalization. CDT and CDV are the datasets
for the classification task.
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Among the most popular image processing methods, it is worth mentioning the works
of Reinhard et al. [406], Macenko et al. [407], Khan et al. [408], and Vahadane et al.
[409]. These works are usually considered as reference methods when authors propose novel
methods for stain color normalization [326, 330, 336, 413, 414]. Given their importance as a
benchmark, it has been decided to include all of them as baseline methods. Nevertheless,
important limitations of these methods include the fact that they require H&E staining, the
need of exploiting a template patch for fitting the stain distributions [21], and the introduction
of color artifacts, as those portrayed in Figure 4.2.

For more details about normalization techniques and pre-processing procedures, the
interested reader is referred to dedicated surveys [51, 415] or to the original papers mentioned
before.

The proposed stain normalization methodology, based on UI2IT, can be applied to every

type of staining and is not restricted to H&E images only.
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Fig. 4.2 Example of artifacts introduced by classical stain color normalization methods. (Top
Row) Artifacts on images of the training set for classification (CDT). (Bottom Row) Artifacts
on images of the test set for classification (CDV).
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4.1.1.3 Deep Learning Normalization

Stain normalization of histopathological images performed with GANs is gaining much
attention recently [326], with a particular focus on CycleGAN [99] and its variants [21, 200].
Nonetheless, many other algorithms belonging to the UI2IT framework have not been
explored for the stain color transfer task.

In this subsection, GAN theory is briefly reviewed. Then, relevant works based on GANs
for UI2IT are summarized and categorized, to explain the role of the proposed system in the
normalization scenario for histopathological images. Relevant metrics which can be used
for assessing the quality of generated images are also presented so that both mathematical
and perceptual evaluations can be done. Also, the PPQ, a novel metric based on pathology
assessment to estimate the quality of generated images in histopathological environments,
has been introduced.

Interested readers may find useful information also in surveys concerning adversarial-
learning-based I2IT [416—418] or GAN applications, techniques for training, and architec-
tures [29, 100, 102, 419].

GAN and cGAN Goodfellow et al. introduced GANs in 2014 [419]. The GAN frame-
work involves the simultaneous training of two models: a model which has to capture the
underlying data distribution, the generator G, and a model, the discriminator D, that has the
responsibility to determine the odds that a sample belongs to those generated by G rather
than the training distribution. G is trained by maximizing the possibility of D to make a
classification error. This results in a minimax game with two players, where an optimum can
be obtained with the generator G that recalls data from the underlying training distribution
and the discriminator D which always predicts % Both models can be trained taking advan-
tage of backpropagation when they are neural networks. A general introduction to the GAN
architectures is presented in Section 2.1.4. Here, the general definitions are contestualized
with respect to the stain color normalization task.

Isola et al. faced the paired image-to-image translation task with GANs [98]. The basic
idea behind their framework is that many computer vision challenges are handled with
different algorithms even though the underlying problem is the same: converting pixels to
pixels. The architecture they introduced, pix2pix, employs a cGAN for addressing these
kinds of tasks. This enables learning also the loss function to train this map, differently from
the basic learning of a transformation from an input image to an output one. In pix2pix, the

discriminator D, during the training process, is devoted in distinguishing between a true pair,
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(s,1), and a fake pair (s, Gsr(s)), instead of 7 and Ggr(s), where S, T are two domains and
(s,1) represents a pair with sensible elements for both the domains.

Pix2pix architecture, which only allows tackling paired I2IT tasks, has not been included
in the experiments, since paired images across domains were not available, as happens with

many real-world problems.

Cycle-Consistency Constraint In UI2IT setups, cycle-consistency is the most widely
adopted method for imposing association [420]. This paradigm is grounded on the concept
of retrieving also the reverse mapping from the target domain back to the source one.
Furthermore, it enforces a check that a sample input image can be reconstructed. Among
the most well-known architectures which fall into this category, it is worth mentioning
CycleGAN [99], DualGAN [421], and DiscoGAN [422]. Due to its wide adoption in the
stain color normalization domain [327-329, 413], only CycleGAN has been included in the
experiments among the cycle-consistency-based networks.

The problem with the pix2pix framework, which also occurs in stain color normalization
setups, is that it requires paired training data, which is often not available. CycleGAN
overcomes these limitations by learning a mapping Gsy : S — T in a way that Ggr(S) is
indistinguishable from 7" exploiting an adversarial loss. To avoid the issues coming from the
under-constrained mapping, at the same time, an inverse mapping Grs : T — S is also learned.

In this way, the cycle-consistency loss can enforce Grs (Gsr(S)) =~ S and Gg7 (Grs(T)) = T.

One-sided Translation Instead of enforcing cycle-consistency, it is possible to promote
relationships belonging to the input to be similarly reflected in the output. For instance,
patches that are perceptually similar inside an input image should retain their proximity
in the output. TraVeLGAN [423], DistanceGAN [424], and GcGAN [425] allow one-way
translation, so avoiding the need for a cycle-consistency. The problem is that they require
relationships between full images, or with predefined distance functions. Among these
networks, the GcGAN has been included in the experiments carried out for this section.
While the cycle-consistency framework needs to train two generators simultaneously,
Gsr and Grg, one-directed domain translation can be successfully achieved also by only
preserving pairwise images’ distances. An important limitation of both cycle-consistency and
distance preservation is that they do not properly consider simple geometric transformations.
The idea of enforcing a geometry-consistency constraint in a UI2IT GAN framework
comes from the work of Fu et al. [425]. According to the authors, considering a geometric

transformation f(-), the images from the source domain should not be altered by the corre-
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sponding generators Gsr and Gg7v, where S’ and T’ are the domains obtained by applying
f(-) to S and T, respectively.

From a mathematical perspective, considering a random sample s from original domain
S, a proper geometric transformation f(-), and its inverse f~!(-), the geometry-consistency
constraint can be formulated as f (Gsr(s)) ~ Ggp (f(s)) and f~! (G (f(s))) = Gsr(s).
Since it is improbable that Gsr and Gy make errors in the same region, the generator
models act as co-regulators for each other, thanks to the geometry-consistency constraint,
thus improving over mistakes in local zones of their relative translations.

The 90 degrees clockwise rotation has been considered as the geometric transformation
in the experiments performed for this study since it has been proven useful by the authors of
the original paper.

Note that the one-sided stain color consistency paradigm is particularly interesting for
color stain normalization, since the objective is usually to translate tiles from the original

domain to the target one, and therefore two generators are not needed.

Patchwise Contrastive Learning Approaches CUT and FastCUT [420] have been pro-
posed to solve the limitations encountered in relationship preservation-based architectures,
by replacing cycle-consistency with the possibility of learning a cross-domain similarity
function by maximizing mutual information between corresponding patches from images
belonging to the source and target domains, without the need to depend on some predefined
distance.

The architecture proposed by Park et al. [420] enforces positive (related) patches to map to
nearby points in the learned feature space if compared to negative (unrelated) patches coming
from the dataset. This framework allows one-sided translation in UI2IT setups, resulting in
greater quality and less training time compared to cycle-consistency-like approaches.

Mathematically, it is possible to define: the query v € RX, the positive v© € RX, and N

negative samples v~ € RV*K 1n these definitions, v, v

, v; are K-dimensional vectors, and
v; is the i-th vector from the matrix of negatives v—. The cross-entropy loss can then be
calculated, defining the probability of a positive example to be chosen over negatives, as

reported in Equation (4.1).

)

exp (v- %) +Yr (exp (v- %))

T is a temperature defined as equal to 0.07 by the original authors. The goal of the CUT

[(v,vt,v7) = —log

framework is to relate source and target image patches. In the considered context, the query
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concerns the target, whereas the positive and negative samples concern corresponding and
noncorresponding source patches, respectively.

In order to enforce this relationship, the authors selected J layers with whom they
encoded the input images and passed them to a two-layers MLP H;, creating a stack of
features {z j} ;= {H j <G£nc (s)) }], where G{;nc is the output of the j-th layer. In a similar

way, they also encoded the output image in {2} ;= {H f (ngc (G (s))) }J. The objective is
to match the corresponding source-target patches for each layer and use the other ones from
the source image as the negatives. They defined the features of the positive patch as z? € R
and the features of the negative patches as z]Q\q € RQi~DxC; where j€{1,2,...,J} indexes
the selected layer and g € {1,2,...,Q;} indexes the spatial location. The number of spatial
locations and the number of channels for layer j are referred to as Q; and Cj, respectively.

The loss is calculated as reported in Equation (4.2).

J Q9
Lpacnnce(G,H,S) = Egs (Z Y1 (2?72772?\‘1)) (4.2)

j=lg=1
The final objective function can be defined as portrayed in Equation (4.3), where
Lpyenvce(G,H,T) is the identity loss that enforces the generator to avoid unnecessary

changes.

LGan(G,D,S,T) + AsLpuchnce (G, H,S) + ALpaennce (G, H, T) (4.3)

The configuration with A; = 1 and A, = 1 corresponds to CUT, whereas the configuration
As = 10 and A; = 0 is referred to as FastCUT.

AI-FFPE [426] is a modification of CUT that adds some unique characteristics, like the
presence of a Spatial Attention Block (SAB) in the architecture of the generator and a L,
regularization factor in the objective function, that is calculated as shown in Equation (4.4),
where L, (G,S) = ||S—G(S)|1.

LGAN(Gv D7 S7 T) + AregLreg(G7 S) + }LSLPatchNCE (Ga H7 S) + A'fLPatchNCE (G, H7 T) (44)

The authors of AI-FFPE claim that in the frozen-to-FFPE (formalin-fixation and paraffin-
embedding) translation task, their model outperforms generic image-translation networks.
Particularly, they state that their modifications to the CUT architecture contribute to the
artifact-correcting performance of their model.
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4.1.1.4 Stain Normalization Workflow

In the standard pipelines developed for stain color normalization exploiting UI2IT frame-
works, two domains are usually considered: a source domain S and a target domain 7. The
objective is to transform images of the source domain to the distribution of the target domain.
Therefore, a generator, to learn a mapping from S to 7, namely Ggr(S) ~ T, is the outcome
of the training stage for stain color transfer.

Instead, in the framework proposed for the CAD for CRC classification, three domains
have been considered: the meta-domain M, the source domain S, and the target domain 7.

In this application, M is a composition of multiple subdomains Sy, ...,S,, covering a wide
variety of stain color conditions, so that by learning Gy (M) ~ T, the map Gyr(S) ~ T can
be approximated.

When referring to the application presented in this section, M is the domain of images
coming from the TCGA, § is the domain of images coming from the training set for the
classification, and 7 is the domain of images coming from the local cohort of IRCCS Istituto
Tumori "Giovanni Paolo II". In all other contexts, S and T are the generic domains considered
for I2IT.

The GAN models have been trained from scratch with a learning rate of 0.0002, for 5
epochs, with the Adam solver [256] and a batch size of 1. Input images were of size 256 x

256. No other preprocessing was applied to the images.

4.1.1.5 Generated Image Tiles Quality Assessment

Quantitative evaluation of the quality of images generated by GANSs is not an easy task,
but different approaches have been proposed in the literature. Common quality objective
measures for image similarity include PSNR and SSIM [427]. As noted by Zhang et al. [428],
these metrics are shallow, simple functions, which cannot measure in a proper way the human
perception. They proposed to realize a perceptual distance with deep features exploiting
the VGG network, resulting in a Learned Perceptual Image Patch Similarity (LPIPS) metric.
Unluckily, these measures can be exploited only if ground-truth images are available [416],
so they are excellent candidates to assess results obtained with conditional GAN for paired
I2IT tasks, but are not directly applicable in UI2IT settings, at least to assess the adherence of
the mapped image to the target domain. On the other hand, these measures can be considered
to evaluate the introduction of artifacts between original images and their translated version.

Scores obtained exploiting Inception-v3 network pre-trained on ImageNet, as Inception

Score (IS) [429], and Fréchet Inception Distance (FID) [430] were introduced to overcome
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this issue and allow an assessment of realness and heterogeneity of generated images, from
the point of view of feature distribution. To determine the FID, two multivariate Gaussians
are fitted on feature vectors obtained by embedding samples from the Inception network.
Then, the Fréchet Distance [431] or the Wasserstein-2 distance [432] is calculated among

these two gaussian distributions, as in Equation (4.5).

FID(r. f) = |l = | B+ Tr (Z,+ 2, - 2(5,%7)? ) (4.5)

where U, Uy represent the mean of the real and fake generated sample feature vectors,
respectively, and X, X represent the covariance matrix of the real and fake generated sample
feature vectors, respectively.

In the research community, there is not a wide agreement on how to evaluate unpaired
image-to-image translation frameworks [433]. Therefore, the considered experimental design
involves the adoption of several metrics among the considered datasets.

To assess the reliability of the fake images generated via GANs, the PPQ, a novel
perceptive quality measure, has been introduced. In detail, an image tile and the related
GAN-normalized versions of the same tile were shown to an expert pathologist, and for
each normalization method, the pathologist had to decide a discretE-score between 1 and 4,
where 1 represents an excellent quality image and 4 a bad one. In the experimental design
considered for this study, 200 image tiles were shown to the pathologist, for both the SD1
and SD2 datasets.

4.1.1.6 Experimental Design

In order to perform a comprehensive comparison and analysis of normalization methods and
downstream classifiers, the experimental design of the study has been realized as detailed
in this section. Gy refers to the generator that transforms images from meta-domain to
target domain, whereas Gty refers to the generator that performs the inverse mapping. In the
proposed framework, besides training purposes for cycle-consistency-based methods, only
Gyr is required. For the classical normalization methods, a reference tile, R, has been used
for template matching.

CDT and CDV refer to the training and test set for classification, respectively.
N(CDT) and N(CDV) refer to their normalized version, that is Gy (CDT) = CDTyr
and Gy (CDV) = CDVyr for the GAN normalization, and CDTgy and CDVgr for clas-
sical normalization, respectively. SD1 and SD2 refer to the stain normalization datasets.
N(SD1) and N(SD2) refer to their normalized version, that is Gy (SD1) = SD1y7 and
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Gyt (SD2) = SD2y7 for the GAN normalization, and SD1gy and SD2gy for the classical

normalization, respectively. Images from CDV and SD2 belong to the 7 domain, images

from SD1 belong to the M domain, and images from CDT belong to the S domain.

Regarding what concerns the normalization procedure:

1. A reference tile has been used for the traditional normalization methods (Reinhard,

Macenko, Khan, Vahadane). Both the CDT and CDV datasets’ image tiles have
been normalized when used for classification. In order to assess normalized image
distributions for these methods, FID has been calculated between:

(a) N(SD1) and N(SD2),

(b) N(CDT) and N(CDV).
. In order to obtain a model capable of mapping CDT and CDV image tiles to the same
target domain, all the GANs have been trained by exploiting SD1 and SD2 training
and test sets. To assess the quality of the generated image distributions, FID has been
calculated between:

(a) N(SD1) and SD2,

(b) N(SD1) and N(SD2),

(c) N(CDT) and CDV,

(d) N(CDT) and N(CDV).
These tests have been made in order to assess if a double normalization (that is,
normalizing images by performing Gur(S) and Gy (7)) would work better than a

single normalization (i.e., normalizing images by performing Gy (S) only, while

keeping T images unaltered), in the proposed setting.

. In order to understand the quality of the normalized images with respect to the original
ones, PSNR, SSIM, and LPIPS have been determined between:

(a) N(SD1) and SD1,
(b) N(SD2) and SD2.

. In order to understand the quality of the GAN-generated images, from the pathologist

perspective, PPQ has been calculated considering:

(a) N(SD1) and SD1,
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(b) N(SD2) and SD2.

5. In order to understand how UI2IT models affect the saturation of images, SSIM

between saturation channels (in HSV color space) has been calculated between:

(a) N(SD1) and SD1,
(b) N(SD2) and SD2.

For what concerns the downstream classification, three CNNs have been exploited as
feature extractors before training an SVM classifier. In detail, the employed SVM was a
multi-class classification error-correcting output code (ECOC) model with a one-vs-one
coding design and Radial Basis Function (RBF) kernel. The three CNNs considered are
DenseNet201 [65], InceptionV3 [64], and VGG16 [41]. The SVM model has been trained
on features extracted from N(CDT) and validated on features belonging to N(CDV).

A detail of the experimental design is pictorially represented in Figure 4.3.

4.1.2 Experimental Results

The results obtained from the experiments described in Section 4.1.1.6 are presented in this
section. In order to better characterize the two components of the developed pipeline, two
subsections are delineated. The first one deals with the results of the stain color normalization,

whereas the second one presents the results of the multi-class classification.

4.1.2.1 Stain Color Normalization

A visual example of the different techniques based on UI2IT for stain color normalization
is portrayed in Figure 4.4. It is possible to notice different color patterns for the various
methods. In particular, FastCUT tends to generate tiles that have a higher saturation than
the ones generated by other methods. This fact can be seen from Figure 4.5 and Figure
4.6. Boxplots in Figure 4.5 show that, for the SD1 dataset, N(SD1) images obtained with
FastCUT are the ones with saturation more similar to the original version. This is because
FastCUT is the method that performs the lesser desaturation. Instead, for the SD2 dataset,
N(SD2) images obtained with FastCUT are the ones with the greatest dissimilarity to the
original ones. This is because other methods do not saturate these images, instead FastCUT
increases the saturation of input images.

Image similarity measures, namely PSNR, SSIM, and LPIPS, have been calculated
between SD1 and N(SD1) and SD2 and N(SD2), in order to assess the presence of artifacts
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Fig. 4.3 Workflow employed for the stain color normalization study. (A) Training and use
of the stain color normalization module. The GANs belonging to the UI2IT framework are
trained by exploiting a meta-domain M. Source and Target domains, S and 7, refer to the
classification task. Traditional color normalization techniques exploit a reference tile R. (B)
Assessment of the stain color normalization models. (C) Training and validation of the CRC

tissue classifier.
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or image degradation when performing stain color normalization. These quantitative results
are reported in Table 4.1 and Figure 4.7.

To assess the distribution of the generated images, FID has been assessed in different
configurations. In the traditional UI2IT setting, one is expected to translate images from
source to target domain and compare the distributions of generated images into the target
domain and images that originally belong to the target domain. In this setting, with the
introduction of the meta-domain corresponding to TCGA images, it is possible to observe
that the distributions of images that are normalized from both source and target classification
domains are closer if compared to distributions obtained by performing only the normalization
of the classification source domain. These quantitative results are reported in Table 4.2 and
Figure 4.8.

The PPQ metric has been used to assess the GAN-generated image quality from a
pathologist’s perspective. It has been calculated considering source image tiles and the
corresponding generated normalized images. In this way, the pathologist can assess not only

the reality of the generated image but also its consistency with respect to the original one and

the lack of artifacts. Quantitative results are portrayed in Table 4.3 and Figure 4.9.

Fig. 4.4 Normalization examples with the various UI2IT GANs considered.

4.1.2.2 Multi-class Classification

The accuracy of the multi-class classification models has been assessed both with internal

cross-validation on the CDT dataset and with external validation on the locally collected CDV
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Fig. 4.5 Boxplots for SSIM between saturation channel of normalized images versus original

one.

Table 4.1 Mean and standard deviation of PSNR, SSIM, LPIPS for N(SD1) vs SDI and

N(SD2) vs SD2.
Normalization Data PSNR 1 SSIM 1 LPIPS VGG |
Reinhard N(SD1) vs SD1 | 19.8302 +4.2694 | 0.9462 £ 0.0462 | 0.0911 + 0.0565
N(SD2) vs SD2 | 14.6660 + 2.6482 | 0.8992 £ 0.0702 | 0.1333 + 0.0400
Macenko N(SD1) vs SD1 | 22.7494 £ 5.1671 | 0.9542 £ 0.0516 | 0.0615 + 0.0474
N(SD2) vs SD2 | 16.5445 +3.3880 | 0.8491 £0.1449 | 0.1690 + 0.1936
Khan N(SD1) vs SD1 | 18.4453 £2.8344 | 0.6564 = 0.1403 | 0.3028 £ 0.0761
N(SD2) vs SD2 | 20.3537 £ 1.0981 | 0.6019 £0.1292 | 0.3424 + 0.0542
Vahadane N(SD1) vs SD1 | 21.5565 £ 4.4068 | 0.9397 £ 0.0637 | 0.0875 + 0.0575
N(SD2) vs SD2 | 18.3096 £ 2.4472 | 0.8875 £ 0.0747 | 0.1115 £ 0.0356
CycleGAN N(SD1) vs SD1 | 16.0873 £3.1129 | 0.8449 + 0.0508 | 0.1767 + 0.0270
N(SD2) vs SD2 | 35.1468 £ 1.7279 | 0.9801 £ 0.0067 | 0.0455 = 0.0127
GeGAN N(SD1) vs SD1 | 159142 £4.7748 | 0.8730 £0.0727 | 0.1731 £ 0.0487
N(SD2) vs SD2 | 32.3358 £ 1.9626 | 0.9783 £ 0.0097 | 0.0577 £ 0.0172
ALFFPE N(SD1) vs SD1 | 16.2018 + 3.5457 | 0.6255 £0.0672 | 0.3137 £ 0.0335
N(SD2) vs SD2 | 25.1388 £ 1.4350 | 0.8019 = 0.0350 | 0.2436 + 0.0350
FastCUT N(SD1) vs SD1 | 27.6084 + 1.4109 | 0.9083 £0.0227 | 0.1874 + 0.0336
N(SD2) vs SD2 | 20.8744 + 1.1850 | 0.9130 £0.0163 | 0.1256 + 0.0286
CUT N(SD1) vs SD1 | 14.3408 + 3.2684 | 0.5837 £0.0730 | 0.3258 + 0.0366
N(SD2) vs SD2 | 25.8854 +1.9922 | 0.8157 £0.0406 | 0.2398 + 0.0277
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Fig. 4.6 Saturation differences between the considered UI2IT methods. (A) Tile from SD1
dataset. (B) Tile from SD2 dataset. (First Row) Original tile in the first column, then different
GAN:-based normalization methods. (Second Row) Saturation channel of the images in the
first row. (Third Row) Difference between the saturation of normalized image compared to
the original one.
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Table 4.2 FID comparison for the various normalization methods.

Normalization

Data

FID |

None

SD1 vs SD2

35.9791

CD1 vs CD2

73.8733

Reinhard

N(SD1) vs N(SD2)

26.6528

N(CD1) vs N(CD2)

58.1405

Macenko

N(SD1) vs N(SD2)

26.6980

N(CD1) vs N(CD2)

53.7302

Khan

N(SD1) vs N(SD2)

229181

N(CDI) vs N(CD2)

44.1937

Vahadane

N(SD1) vs N(SD2)

26.6518

N(CD1) vs N(CD2)

56.6086

CycleGAN

N(SD1) vs SD2

15.5333

N(SD1) vs N(SD2)

18.2566

N(CDI) vs CD2

68.6784

N(CDI) vs N(CD2)

50.7333

GcGAN

N(SD1) vs SD2

19.2417

N(SDI) vs N(SD2)

15.6546

N(CD1) vs CD2

67.8117

N(CDI) vs N(CD2)

54.1416

AI-FFPE

N(SD1) vs SD2

37.8711

N(SD1) vs N(SD2)

61.5486

N(CD1) vs CD2

67.3626

N(CDI) vs N(CD2)

53.6819

FastCUT

N(SD1) vs SD2

51.5162

N(SDI) vs N(SD2)

30.5891

N(CD1) vs CD2

80.4216

N(CD1) vs N(CD2)

49.5950

CUT

N(SD1) vs SD2

29.9900

N(SDI) vs N(SD2)

71.4490

N(CD1) vs CD2

72.5915

N(CD1) vs N(CD2)

55.9412
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Table 4.3 Mean and standard deviation of PPQ for N(SD1) vs SDI and N(SD2) vs SD2.

Normalization Method Data PPQ |
N(SD1) vs SDI | 1.3883 + 0.8165
CycleGAN N(SD2) vs SD2 | 1.0151  0.2127
N(SD1) vs SDI | 1.9309 + 0.8531
GeGAN N(SD2) vs SD2 | 1.6080 + 0.5385
N(SD1) vs SDI | 3.3564 + 0.8990
Al-FFPE N(SD2) vs SD2 | 3.9497 + 0.2410
N(SD1) vs SDI | 3.2021 * 0.6715
FastCUT N(SD2) vs SD2 | 2.8241 + 0.4195
CUT N(SD1) vs SDI | 2.7340 + 0.8977
N(SD2) vs SD2 | 3.8141 + 0.5131

dataset. These quantitative results are shown in Figure 4.10 and Table 4.4. Other classification
metrics are reported in Table 4.5. The DenseNet201 model consistently outperforms the
other deep feature extractors in all the scenarios. Among the traditional normalization
methods, Reinhard is the one that produces the highest validation accuracy. Among the
GAN-based normalization methods, FastCUT achieves slightly better performances than the
other methods. FastCUT also presents better performance than the Reinhard method. The
quality of the features has been assessed by looking at embedding plots for the normalization
methods. The embedding plot associated to the features extracted by DenseNet201, after

FastCUT normalization, can be seen from Figure 4.11.

4.1.2.3 Relationships between Normalization and Classification

Several interesting relationships have been observed from the analysis presented in this
section. Indeed, as it can be observed from Figure 4.12, there is a trend between the
performance of the classification methods and the quality of the distribution of the generated
images. This trend is visible for all the considered metrics, but it is statistically significant
only for Top3-Accuracy (VGG16 achieves r=0.9446, p=0.0155), mDice (VGG16 achieves
r=0.9075, p=0.0333), and mPrecision (DenseNet201 achieves r=0.9950, p=0.0004 and
InceptionV 3 achieves r=0.9495, p=0.0135). FID has been normalized by taking its reciprocal,
so to make it a measure in which higher values correspond to better quality distributions.

The PPQ has also been found correlated to FID and to LPIPS, as can be seen from Figure
4.13. These results are also statistically significant (PPQ SD1 vs FID: r=0.8968, p=0.0392;
PPQ SD2 vs LPIPS SD2: r=0.9775, p=0.0040).
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Fig. 4.10 Accuracy for the various normalization methods on the CDT and CDV datasets.
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Fig. 4.11 Embedding plot obtained applying t-SNE to features extracted from DenseNet201
on the CDV dataset, with the FastCUT normalization methodology.
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Table 4.4 Accuracy on the CDT and CDV classification datasets.

Normalization | Architecture CDT CDv

Accuracy Top 1-Accuracy | Top 2-Accuracy | Top 3-Accuracy

InceptionV3 | 0.9791 (0.0006) 0.8025 0.9209 0.9608

None DenseNet201 | 0.9805 (0.0008) 0.8115 0.9253 0.9721

VGGI16 0.9697 (0.0016) 0.7168 0.8688 0.9376

InceptionV3 | 0.9777 (0.0011) 0.8063 0.9133 0.9586

Reinhard DenseNet201 | 0.9888 (0.0007) 0.8352 0.9261 0.9652

VGGI16 0.9617 (0.0014) 0.7737 0.8964 0.9473

InceptionV3 | 0.9813 (0.0012) 0.7884 0.8978 0.9486

Macenko DenseNet201 | 0.9910 (0.0006) 0.7924 0.8969 0.9557

VGGI16 0.9653 (0.0015) 0.7219 0.8701 0.9244

InceptionV3 | 0.9637 (0.0016) 0.7465 0.8871 0.9449

Khan DenseNet201 | 0.9811 (0.0012) 0.7757 0.9070 0.9560

VGGI16 0.9435 (0.0016) 0.6673 0.8319 0.9168

InceptionV3 | 0.9762 (0.0011) 0.8075 0.9179 0.9603

Vahadane DenseNet201 | 0.9874 (0.0016) 0.8240 0.9265 0.9646

VGGI16 0.9548 (0.0021) 0.7362 0.8787 0.9390

InceptionV3 | 0.9749 (0.0015) 0.8126 0.9256 0.9678

CycleGAN DenseNet201 | 0.9878 (0.0009) 0.8375 0.9413 0.9793

VGGI16 0.9636 (0.0013) 0.7538 0.8923 0.9461

InceptionV3 | 0.9720 (0.0015) 0.7811 0.9161 0.9657

GcGAN DenseNet201 | 0.9861 (0.0011) 0.8266 0.9363 0.9747

VGG16 0.9623 (0.0011) 0.7494 0.8841 0.9410

InceptionV3 | 0.9638 (0.0018) 0.7957 0.9062 0.9536

AI-FFPE DenseNet201 | 0.9820 (0.0013) 0.8090 0.9217 0.9693

VGGI16 0.9481 (0.0012) 0.7263 0.8662 0.9355

InceptionV3 | 0.9757 (0.0019) 0.8170 0.9305 0.9702

FastCUT DenseNet201 | 0.9886 (0.0010) 0.8420 0.9410 0.9774

VGG16 0.9646 (0.0017) 0.7626 0.8956 0.9516

InceptionV3 | 0.9649 (0.0020) 0.7935 0.9127 0.9615

CcuT DenseNet201 | 0.9833 (0.0008) 0.8134 0.9262 0.9728

VGGI16 0.9471 (0.0020) 0.7111 0.8517 0.9332
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Table 4.5 Classification Mean Precision, Recall, and Dice (mPrecision, mRecall, and mDice,
respectively).

.. . CDhV
Normalization | Architecture mPrecision | mRecall | mDice
InceptionV3 0.8361 0.7668 | 0.7835
None DenseNet201 0.8479 0.7920 | 0.8039
VGG16 0.8007 0.6743 | 0.6967
InceptionV3 0.8354 0.7780 | 0.7902
Reinhard DenseNet201 0.8643 0.8038 | 0.8172
VGG16 0.8268 0.7278 | 0.7492
InceptionV3 0.8171 0.7594 | 0.7722
Macenko DenseNet201 0.8291 0.7740 | 0.7874
VGG16 0.8291 0.6778 | 0.7203
InceptionV3 0.7893 0.7092 | 0.7263
Khan DenseNet201 0.8249 0.7397 | 0.7623
VGG16 0.7289 0.6070 | 0.6218
InceptionV3 0.8369 0.7801 | 0.7948
Vahadane DenseNet201 0.8605 0.7955 | 0.8124
VGG16 0.8219 0.6890 | 0.7226
InceptionV3 0.8543 0.7754 | 0.7952
CycleGAN DenseNet201 0.8761 0.8151 | 0.8349
VGG16 0.8263 0.7153 | 0.7384
InceptionV3 0.8399 0.7439 | 0.7684
GcGAN DenseNet201 0.8645 0.8030 | 0.8229
VGG16 0.8187 0.7130 | 0.7324
InceptionV3 0.8470 0.7542 | 0.7754
AI-FFPE DenseNet201 0.8664 0.7788 | 0.8003
VGG16 0.8105 0.6927 | 0.7158
InceptionV3 0.8667 0.7784 | 0.8017
FastCUT DenseNet201 0.8800 0.8170 | 0.8372
VGG16 0.8069 0.7315 | 0.7522
InceptionV3 0.8397 0.7614 | 0.7823
CUT DenseNet201 0.8616 0.7858 | 0.8067
VGG16 0.7829 0.6865 | 0.7085
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4.1.3 Discussion

In this study, several GAN-based UI2IT methods have been characterized with the aim to
perform stain color normalization for histopathological tissue classification. Contrary to what
is usually done for GAN-based normalization, that is, considering only source and target
domains, a meta-domain has been considered, which in this case consists of WSIs belonging
to the TCGA. This meta-domain, containing tissues from a wide variety of laboratories,
can allow learning a mapping to the considered target domain that is more general than
previous research works, thus avoiding the need to train a normalization model for every
pair of possible data domains for histopathological data. Due to this difference, the proposed
methodology requires performing double normalization at inference time (that is, performing
both Gyr(S) and Gy (T ), instead of only Gu7(S)), which leads to an improvement in the
FID among the data distributions of the classification dataset. Indeed, from Figure 4.8 it
is possible to observe that FID is consistently lower for all the considered GAN models
when normalization is performed to both CDT and CDV, and not only CDT. This may look
counterintuitive since the learned mapping has already WSIs of the target domain coming
from the same distribution as CDV. Instead, when considering the stain color normalization
datasets, it is worth noting that performing double normalization is not always convenient.
Indeed, SD1 and SD2 are the source domain and target domain, respectively, selected for
learning the GAN mapping. In this case, CycleGAN, AI-FFPE, and CUT show worse FID
results when double normalization is applied instead of single normalization.

In this study, PPQ, a perceptive quality metric based on the assessment performed by the
pathologist on the GAN-generated image tiles, has been introduced. As can be seen from
Figure 4.9, CycleGAN and GcGAN were the two best-performing methods according to
PPQ. This result is perfectly consistent with: (i) FID values observed on N(SD1) vs SD2
and N(SD1) vs N(SD2); (ii) LPIPS values observed on SD1 vs N(SD1) and SD2 vs N(SD2).
Therefore, this study can confirm that CNN-features-based metrics to assess the perceptive
quality of generated images can be exploited also in histopathological contexts. As can
be seen from Figure 4.13, FID and PPQ, and LPIPS and PPQ, are also correlated when
considering the GAN-based normalization results.

The effectiveness of CycleGAN and GcGAN images is also observed by the fact that
they possess the highest values for PSNR and SSIM for what concerns SD2 vs N(SD2), as
observed in Figure 4.7. This means that those methods are the most suitable for performing
transformation of the target domain images with Gyr(T), which is useful as previously

mentioned (considering the increase in FID for double normalization).
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With respect to the multi-class classification task, the DenseNet201 model consistently
outperforms InceptionV3 and VGG16, in all considered normalization paradigms, as por-
trayed in Figure 4.10. The normalization methodology which permits achieving the best
performance on the locally collected external validation set is FastCUT. Though FastCUT
does not achieve satisfactory results in reality of generated image tiles, since it tends to
over-saturate the input images (quantitative assessment, see Figure 4.5; visual examples, see
Figure 4.6), when applied in double normalization configuration, it can still offer a useful
normalization for the classification task. This can be specially noted by comparing the FID
of N(SD1) vs SD2 with FID of N(SD1) vs N(SD2), and FID of N(CDT) vs CDV with
FID of N(CDT) vs N(CDV). Indeed, after double normalization is performed, FastCUT
achieves the best FID on the classification datasets. This result means that the perceptive
quality of transformed images is not necessarily correlated to better classification accuracies
of downstream classifiers. Though, the perceptive quality of generated images has been
considered a useful asset for the introduction of GAN-based normalization models in the
clinical routine.

The quality of the features extracted by DenseNet201 after having performed normaliza-
tion with FastCUT can be seen in Figure 4.11. The different tissue classes appear clearly
clustered in the 2D embedding plot obtained with t-SNE.

Classification results are correlated to the quality of image distributions, as can be seen
from correlations between normalized FID and classification performance reported in Figure
4.12. This confirms that FID or similar quality metrics should be checked when performing
GAN-based normalization (i.e., conditional generation) since they can already offer important

insight into how the models adopted for the downstream tasks will perform.

4.1.4 Summary

In this work, three CNN architectures and nine normalization techniques have been con-
sidered for the sake of realizing a pipeline that is robust to stain color variation in a CRC
histological classification setup.

CRC multi-class tissue classification is an important task in digital pathology. In particular,
to date, the study of tumors is moving toward the integration of genomic data, such as
transcriptomics and its spatial localization. In the work presented in this section, the focus
is on CRC, but the described approach could be considered as a proof of concept for other

malignancies. Indeed, the segmentation task could be a preliminary step in digital pathology
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studies, for instance, to study the relationship between the tumor, its microenvironment, and
genomic features.

Since the preparation of histological slides is a complex process, composed of various
stages, and differences can be introduced in any of them, color normalization is a fundamental
step to effectively perform quantitative tasks.

Traditional normalization methods are easy-to-use, since they only need a template tile,
but generate images that are subject to color artifact, making them unsuitable for subsequent
pathologists’ analyses. On the other side, the realm of GAN architectures to implement
UI2IT can offer a powerful framework to carry out stain color normalization, allowing
the achievement of impressive results both from the perspective of quality and reality of
generated tiles and for the performance of the models involved in the subsequent tasks.

Nonetheless, care has to be reserved for assessing GAN-generated image tiles, and several
quality measures should be included to have a complete overview of which model may work
better for the task under consideration.

Observations of pathologists may help in assessing the quality of generated images.
Indeed, they have been included in this study with the PPQ metric, which can be used to have
a medical expert view that can eventually confirm the quality of the distributions measured

with quantitative measures such as FID.

4.2 Nuclei Detection from Histopathological Images

The literature review (Section 2.3.2) for nuclei detection showed that methodologies prior
to the advent of deep learning demonstrate worse performance on this task. Moreover,
handcrafted feature extraction is a tedious and complex process, which can lead to different
results depending on the experience of the feature engineers and domain experts. It is worth
noting that CNN-based approaches require datasets with a distinct label for every nucleus,
based on observations made in the last several years. Simple existing semantic segmentation
methods, trained without the knowledge of different instances, cannot be reliably adopted for
nuclei detection.

Many cell nuclei detection methods share a basic approach that includes generating
an intermediate map through a CNN that indicates the presence of a nucleus, called the
probability or proximity map (P-Map) [23, 434], or have specialized architectures that are
trained to individuate the centers of the nuclei, such as SC-CNN [347]. Indeed, the P-Map
represents proximities as a monochromatic image: the intensities have high values near the

centroid of the nucleus, and gradually lower going toward the boundaries.
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By following the idea of determining a structure similar to a P-Map, a novel method for
nuclei detection has been proposed, without the need for specialized architectures or hand-
crafted feature extraction; rather, only semantic segmentation networks and XAI techniques
have been used. The proposed method is quick to train and is extensible, considering that it
can be plugged on top of existing semantic segmentation networks.

The presence of clustered or overlapped nuclei with semantic segmentation models
can be spotted on visual inspection of the images. In order to overcome this issue, the
potentialities of the Grad-CAM method for segmentation have been exploited, which made
it possible to highlight the activation of the nucleus class (compared to the background
class), thus obtaining a saliency map with properties similar to the classic P-Map. The
locations of the nuclei are subsequently determined by looking for local maxima in the
activation map. Starting from the identified centroids, it is possible to associate all the pixels
belonging to the considered nucleus, with a proximity criterion. This model alone, which
will be denoted as Nuclei Detection with Grad-CAM (NDG-CAM), was capable of achieving
performance in line with state-of-the-art methods. Because the Mask R-CNN [93] instance
segmentation architecture is widely employed and constitutes a standard baseline for these
tasks, a combined model for further enhancing the results has also been realized, surpassing
the state-of-the-art.

To summarize, the contributions of this section can be considered as follows: (i) the
introduction of a novel detection method for nuclei—NDG-CAM—which exploits Grad-
CAM for semantic segmentation; (i1) the collection of a local annotated dataset of patients
diagnosed with colorectal cancer to show the applicability of the proposed method in a
local hospital; (iii) the comparison of the proposed method with different state-of-the-
art techniques to show its effectiveness; (iv) the training and evaluation of an instance
segmentation architecture as the baseline; and (v) the design of a combined model which,
exploiting both NDG-CAM and Mask R-CNN, can surpass the current literature performance
concerning nuclei detection.

The remainder of the section is organized as follows. Section 4.2.1 first describes
the datasets adopted for the analysis. Then, semantic segmentation configurations and
architectures are presented. The NDG-CAM is proposed, and its workflow is delineated. An
instance segmentation architecture is also considered as the baseline. Lastly, implementation
details, the combined model, and the evaluation metrics employed for the analysis are
presented. Results are portrayed in Section 4.2.2 and discussed in Section 4.2.2.1. A
comparison with other state-of-the-art approaches is considered here. Lastly, final remarks,

conclusions, and ideas for future works are drawn in Section 4.2.3.
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4.2.1 Materials and Methods
4.2.1.1 Datasets

For the tasks of nuclei segmentation and detection, different datasets were considered in
order to find the best-performing model. In particular, the latest and largest publicly available
datasets for nuclei detection and segmentation were considered. Moreover, a local dataset
has been collected, to prove the feasibility of the proposed system on new data from a local
hospital.

* MoNuSeg [338, 435, 436]. The cell nucleus segmentation dataset used in this work
is publicly accessible from the 2018 Data Science Bowl challenge [437]. The dataset
contains a large number of segmented nuclei images and includes different cell types;
there are 30 training H&E images containing 21,623 hand-annotated nuclear boundaries
from the breast, kidney, prostate, liver, colon, bladder, and stomach. Moreover, there
are also 14 H&E test images containing 7000 nuclear boundary annotations from the
breast, kidney, prostate, colon, bladder, lung, and brain. All images, each of size 1000
x 1000, were captured at 40x magnification. The nuclear contour annotations are
provided through XML files.

* CRCHistoPhenotypes: Labeled Cell Nuclei Data [347, 438]. This publicly available
dataset contains 100 H&E-stained histology images of colon cell nuclei obtained from
WSI of 10 patients with a magnification factor of 20x. Tiles have a size of 500 x
500. Nuclear annotations are provided through the coordinates of the centroids in .mat

format, resulting in a total of 29,756 annotated nuclei for detection purposes.

¢ NuCLS [439]. The dataset contains over 220,000 labeled nuclei from breast cancer
images from TCGA, obtained from 125 patients with breast cancer (1 slide per patient)
and captured with a magnification factor of 40x. These nuclei were annotated through
the collaborative effort of pathologists, pathology residents, and medical students. Data
from both single-rater and multi-rater studies are provided. For single-rater data, there
are both pathologist-reviewed and uncorrected annotations. For multi-rater datasets,
there are annotations generated with and without suggestions from weak segmentation
and classification algorithms. Only the single-rater dataset was used for this study,
which is already split into train and test sets. The annotations for the single-rater
dataset include 59,485 nuclei and 19,680 boundaries, extracted from 1744 H&E image

tiles of variable dimensions between 200 and 400 pixels.
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* Local dataset from Pathology Department of IRCCS Istituto Tumori "Giovanni Paolo
IT" [20]. This cohort consists of 19 H&E image tiles which overall contain more than
6378 nuclei from patients with colorectal cancer. Images have a size of 512 x 512 and
were captured at 40x magnification. Annotations have been provided by a biologist

with experience in analyzing histopathological data.

Hereafter, the training and test sets of MoNuSeg (D1) will be denoted with T1 and
V1. The overall dataset of CRCHistoPhenotypes, instead, will be referred to as D2. The
Mask R-CNN model has been trained on the NuCLS (D3) dataset, being the largest publicly
available dataset with annotations formatted for instance segmentation. Because D1 already
includes a validation set, it has been exploited for the first validation stage. As an independent
external validation set, other image tiles from the Pathology Department of IRCCS Istituto
Tumori “Giovanni Paolo II”” [20] have been collected. This dataset will be denoted as V4 and
has the purpose to evaluate the generalization capability of the best semantic segmentation
network configuration individuated with the D1 and D2 datasets, and the Mask R-CNN
model trained on the D3 dataset. Figure 4.14 summarizes the pipeline implemented for
training and validating the models.

A summary of the details for the employed datasets is reported in Table 4.6, whereas

sample images are depicted in Figure 4.15.

Table 4.6 Summary of datasets for nuclei.

Dataset Publication Oroans Resolution Number of Number of Size Annotations
Year g H&E images Nuclei (pixels) Format
breast, kidney, prostate,
MoNuSeg—Train (T1) [338] liver, colon, 30 21,623
bladder, stomach
2017 - 40x 1000 x 1000 Nuclei Contours
breast, kidney, prostate,
MoNuSeg—Test (V1) [338] colon, bladder, 14 7000
lung, brain
CRCHistoPhenotypes (D2) [347] 2016 colon 20x 100 29,756 500 x 500 Nuclei Centroids
NuCLS (D3) [439] 2019 breast 40x 1744 59,485 200-400  Nuclei Contours or
per side Bounding Boxes
Local (V4) 2022 colon 40x% 19 6378 512 x 512 Nuclei Centroids

4.2.1.2 NDG-CAM

In this section, the methodology adopted for NDG-CAM is introduced. Several steps
have been carried out. As the first step, a semantic segmentation architecture trained for
nuclear segmentation is required. Different experimental configurations of the datasets and

network architectures have been compared in order to find the most suitable model, with
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Combined

Fig. 4.14 Pipeline adopted for training and validation. D1 and D2 datasets have been used to
train and select the best semantic segmentation network. The D3 dataset has been exploited
to train the Mask R-CNN instance segmentation architecture. Finally, external validation has
been conducted on the local validation dataset V4.

details reported in the following paragraphs. Then, the Grad-CAM technique for semantic
segmentation, which is still underexplored if compared to Grad-CAM for classification,
has been employed to obtain saliency maps of the nuclei, with higher values of intensity
corresponding to positions nearest to the centroids. Subsequently, a search for local maxima,
combined with post-processing and clustering, allowed for the detection and eventually
instance segmentation of the nuclei. Compared to specialized architectures, such as those
used for instance segmentation, semantic segmentation networks are simpler and faster to
train. In addition, the proposed system can be trained if labels do not distinguish between

different nuclear instances, which would not be possible for instance segmentation models.

Semantic Segmentation Workflow Starting from the datasets described in the previous

sections, the following experiments were carried out, all with images at a size of 512 x 512:
a Train on D2 and validation on V1 at 20x resolution.
b Train on T1 and validation on V1 at 20x resolution.

¢ Train on T1 and validation on V1 at 40x resolution.
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Fig. 4.15 Sample images of datasets for nuclei detection. (First column) D1—
MoNuSeg [435]; (second column) D2—CRCHistoPhenotypes [438]; (third column) D3—
NuCLS [439]; (fourth column) V4—Iocal dataset [20].
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In the first two experiments, images were padded from 500 x 500 to 512 x 512 exploiting
the mirror padding. Instead, in the last experiment, the images were padded from 1000 x
1000 to 1024 x 1024 with mirror padding and subsequently divided into 4 tiles of 512 x 512.
For each experiment, different deep network architectures were trained and compared: U-Net
[72], SegNet [70], and DeepLab v3+ [80] in three different backbone configurations, namely
ResNet18, ResNet50 [48], and MobileNet-v2 [440]. The aforementioned experiments were
carried out in MATLAB® R2021a.

Network Architectures The segmentation phase is a milestone for the detection phase;
this step aims to discriminate between cell nuclei and the background. Semantic segmenta-
tion architectures play a role of pivotal importance in deep learning-based medical image
analysis [16, 35, 37, 56]. It is a process that associates a label or a category to each pixel
of an input image, thus allowing the pixelwise spatial localization of each object category
appearing in the scene.

In the specific case under analysis, the goal was to segment the cell nuclei in a robust
way, so as to provide satisfactory results even when the algorithm would have been applied
to different images of the same type. For this reason, it was decided to carry out the same
experiments with several convolutional architectures.

The considered architectures include:

e U-Net [72]. It is a fully convolutional network to perform the semantic segmentation
task. The U-Net architecture consists of a series of encoding layers and contractions
that are used to extract the context of the image, followed by a sequence of symmetrical
decoding layers and expansions to recover the spatial information. In the exploited
MATLAB® setting, the network is characterized by 58 convolutional layers; the first
layer deals with a z-score normalization of the inputs, whereas the last one presents

the Dice function as a loss function.

» SegNet [70]. This is another encoder—decoder architecture. In this case, the decoding
blocks exploit max pooling indices received from the corresponding contraction block
to perform the oversampling, instead of using trainable upsampling layers as transposed
convolutions. In the considered MATLAB® setting, this CNN consists of 31 layers

with a cross-entropy loss function.

* DeepLab v3+ [80]. This architecture features atrous spatial pyramid pooling (ASPP)

and the encoder—decoder paradigm. The first aspect concerns a particular way of



4.2 Nuclei Detection from Histopathological Images 165

combining layers of atrous and depthwise convolution, with which the model cap-
tures and concatenates features at different scales. For this network, the backbone is
customizable. Three different basic CNN encoders were used: ResNet18, ResNet50,
and MobileNet-v2. The DeepLab v3+ has 100 layers, of which the last is a softmax
layer that is used to obtain the probabilities that each pixel belongs to the nucleus or

background class; in this case, the chosen loss function is the Dice loss.

An example of semantic segmentation prediction from DeepLab v3+ with backbone
ResNet18 is shown in Figure 4.16.

Fig. 4.16 Semantic segmentation output for nuclei images. (Left) Original image. (Middle)
Ground truth. (Right) Prediction of experiment (b) with DeepLab v3+ and backbone
ResNet18.

Nuclei Detection with Grad-CAM  After the best-performing network has been identified,
the output returned by the semantic segmentation was a mask in which the input image
pixels were classified into pixels belonging to the foreground, i.e., nucleus, or background

class. As mentioned previously, this did not allow the separation of multiple instances of the
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same object. Therefore, the identification of multiple nuclei adjacent to each other was not
possible.

In this scenario, the detection phase begins. In fact, after the semantic segmentation,
post-processing was carried out in order to solve this problem. The first step was to calculate
the Grad-CAM of the input image according to the chosen network. A CNN is often seen
as a black box, or rather, as a model with parameters W that, given an image of input X,
through a function f(X,W), is able to map to the related output y. XAI techniques have been
designed in order to unveil the underlying mechanisms involved in the processing stages
of deep neural networks, and are recently gaining a lot of attention in medical imaging and
clinical decision support systems [31, 130, 441, 442].

During the training phase, even if high performance, according to the considered metrics,
was achieved, it was not known which image features are more determinant for the network
to make its choices. One of the ways to visually solve this problem is Grad-CAM [31].

Grad-CAM is typically used in image-classification scenarios [132], but it can also be
extended to semantic segmentation problems [443]. In general, the heatmap L° for class ¢
is generated by using aX (as defined in Equation (4.6)) to sum the feature maps A¥, as in
Equation (4.7).

| 9y

k y
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L* =ReLU (Z a’;Ak> 4.7)
k

N is the number of pixels and (u,v) are the indices. ReLU is applied pixelwise to clip
negative values at zero, to only highlight areas that positively contribute to the decision for
class c. The difference with the classification task is that for semantic segmentation y°, the
scalar class score, is obtained by reducing the pixelwise class scores for the class of interest
to a scalar [443], as in Equation (4.8).

yC - Z Y(Cliﬁv) (4.8)

P is a set of pixel indices of interest in the output layer: in the case under examination, the
softmax layer before the pixel classification layer. Higher values of L map denote which
areas of the image are important for the decision to classify pixels.

In the proposed approach, the activation of the network for the nucleus class was analyzed,

obtaining a probability map with values that will be denoted as CAM-Map. Therefore,
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activations greater in correspondence with the centroids of the nuclei (even when adjacent to
each other) are visible from Figure 4.17C.

From CAM-Map, a morphological grayscale dilation operator with a spherical shape
factor of radius 7 was applied. The result is depicted in Figure 4.17D. This step allowed
the enlargement of the activation areas so that no false nuclei were identified in the nearby
regions where activations were not high enough compared to the maximum point.

Then, as portrayed in Figure 4.17E, it was carried out the calculation of the local maxi-
mum of the regions and the localization of all the connected components, with the related
geometric centroids, which correspond to the identified nuclei.

Once the centroids were found, k-means clustering, with k£ equal to the number of

connected components, was exploited to associate the adjacent pixels to each nucleus, so as

to have the overall predicted mask of the original starting image. The final mask is reported
in Figure 4.17F.

Fig. 4.17 NDG-CAM Detection workflow. (A) Zone with multiple neighboring instances of
nuclei. (B) Failure to recognize adjacent nuclei. (C) Grad-CAM for semantic segmentation.
(D) Dilated image. (E) Connected components. (F) Detection prediction.



4.2 Nuclei Detection from Histopathological Images 168

4.2.1.3 Instance Segmentation

Object detection involves the detection, with a bounding box, of all the different objects
of interest present in a scene. Instance segmentation further extends this task, by also
considering the problem of delineating a precise mask around each object. Architectures for
object detection are usually divided into one-stage and two-stage models, with the first being
faster and the former being more accurate. Inside the realm of methods for two-stage object
detectors, a pivotal role has been played by architectures from the R-CNN family [444].

Mask R-CNN evolves the R-CNN family by adding a semantic segmentation branch,
making the model capable of performing instance segmentation [93]. The overall Mask
R-CNN architecture is composed of two parts: the backbone architecture, which performs
feature extraction, and the head architecture, which performs classification, bounding box
regression, and mask prediction.

The Detectron2 [445] platform, powered by the Pytorch framework, has been adopted for
the implementation of the Instance Segmentation model. Indeed, Detectron2 provides state-
of-the-art detection and segmentation algorithms. It includes high-quality implementations of
the most popular object detection algorithms, comprising different variants of the pioneering
Mask R-CNN model. Detectron2 has an extensible design so that it can be easily employed
to implement cutting-edge research projects.

The NuCLS dataset [439] was chosen to train the network, the instance segmentation
model mask_rcnn_R_50_DC5_1x. Annotations were converted into the COCO annotation

format for adoption in the Detectron2 framework.

4.2.1.4 Implementation Details

All the semantic segmentation networks have been trained on a laptop with a GeForce
GTX960M. For carrying out the training, the chosen optimizer was SGDM, with a starting
learning rate of 0.05. The learning rate schedule was piecewise with a drop factor of 0.94
and a drop period of 2. L, regularization parameter was set to 0.0005. With a batch size of 2,
15 epochs lasted roughly 105 min for the best-performing architecture, DeepLab v3+ with
ResNet18 as the backbone.

The Mask R-CNN model, being heavier, has been trained on a Google Colab Pro
environment. With a Tesla P100, 20,000 iterations were carried out in roughly 110 min. The
chosen optimizer was SGDM, as set by default in the Detectron2 environment, with a starting
learning rate of 0.00025.
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4.2.1.5 Combined Model

In order to obtain the advantages of both approaches, a combined model has been developed.

It exploits a criterion for obtaining merged outputs from NDG-CAM detection and Mask
R-CNN. In detail, a distance criterion was used to check if a nucleus was found by only one
of the approaches. In that case, the nucleus was simply retained. Instead, if more nuclei
centroids are found in proximity, only the ones found by Mask R-CNN are retained. The
combined methodology has the idea to increase the recall, which is very important because

nuclei detection is the first stage for further analyses.

4.2.1.6 Evaluation Metrics

Each semantic segmentation architecture previously described was tested in all three experi-
mental configurations mentioned. In order to assess the goodness of pixelwise classification
performed by semantic segmentation networks, the pixelwise precision, recall, and Dice
coefficient were considered as performance indices.

Instead, for assessing the detection procedure, two kinds of metrics have been considered.
The first is based on the simple calculation of the number of detected nuclei with respect
to the ground truth. The error (e,), defined in Equation (4.9), is given by the difference in
absolute value between the number of nuclei found and the real number, divided by the latter.
An example of the prediction vs. ground truth result, which is the basis for enumerating
nuclei, is depicted in Figure 4.18A. To evaluate if the proposed algorithm was more prone
toward over-detection or under-detection, a signed error (e;), defined in Equation (4.10), was
also evaluated:

_la—gl (4.9)

€a

ey =—2. (4.10)

In these two equations, d denotes the number of detected nuclei, whereas g is the number of
ground truth nuclei.

The second category of metrics includes the Dice coefficient, precision, and recall for
object detection, which can provide more information about the quality of the detection
results. In this case, metrics do not simply reward the count of predicted nuclei with respect
to ground truth but are considering also the position.

In order to achieve this result, it was needed to discover object detection FP and FN,
as can be seen in Figure 4.18B. In order to determine these quantities, as the first step, the

distance matrix between the centroids of the detected nuclei and the real ones was computed.
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Fig. 4.18 Example of calculation of evaluation metrics for object detection. (A) Prediction
vs ground truth. Yellow, ground truth; green, prediction; (B) Differences between prediction
and ground truth. Yellow, detection FN; red, detection FP.

In order to decide whether a detection actually corresponds to a nucleus centroid, a distance
threshold & was considered, equal to the mean radius of the nuclei of each image [434]. If
the distance between a prediction and a ground truth annotation is less than or equal to &, the
prediction is counted as a TP. If more than one detection verifies this condition, the one closest
to the ground truth position is counted as TP and the others as FP. The detections further than
& from any ground truth location are counted as FP, and all ground truth annotations without
close detections are marked as FN. Lastly, the following control condition was added. If the
distance between an FP and an FN is less than an € threshold, set to 6 (a value close to the
nuclear radius), the count of FP and FN will each be decreased by one, whereas TP will be
increased by one. The pseudocode for determining TP, FP, and FN is reported in Algorithm
2.

In order to assess the statistical significance of the obtained results calculated per case,
the p-value was determined with the two-tailed Wilcoxon signed-rank test. The threshold for

significance has been set to 0.05.

4.2.2 Results

The automatic segmentation of cell nuclei attracted significant interest from the scientific
community, as their identification is an important starting point for many medical analyses

based on histopathological images. In this research work, for the semantic segmentation
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Algorithm 2: Object Detection TP, FP, FN calculation.

input :gt, the ground truth nuclei centroids, an array of g coordinate pairs
pred, the predicted nuclei centroids, an array of d coordinate pairs
&, the mean radius of the ground truth nuclei

€, the distance threshold

// set to 6

output : TP, the true positives; F P, the false positives; F'N, the false negatives

TP=FP=FN=0;i=0
idpr, idxpy = list(),list()
0 =distance(gt, pred)
while i < size(gr) do
v=24],i]

idx = where(v < £)

if size(idx) == 1 then

| TP=TP+1
else if size(idx) > 1 then
TP=TP+1

idxpp.extend(idx)

Ise if size(idx) == 0 then
FN=FN+1
idxpy.append (i)

(¢

end
i=i+1

end

arrpy = filter(gt,idxpy)
p=0

while p < size(idxpp) do

a=0
while a < size(arrpy) do
A = distance(pred|p|,arrpy|a))
if (A < ¢) then
FP=FP—1
FN=FN-1
TP=TP+1
end
a=a+1
end
p=p+1
end

FP = FP+ (size(idx)—1)

// false positive/negative indexes

// the distance matrix

// a (possibly empty) array of indexes

// extract the false negatives

phase, different architectures were elaborated and tested on different datasets, for a total of

15 experiments. For each of them, performance indices were calculated to identify the best
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model with which to proceed for the subsequent phases. From this comparison, it emerged
that the best performance can be obtained by referring to the experimental configuration (b)
defined in Section 4.2.1.2.

Table 4.7 reports the results obtained for each network architecture in the semantic
segmentation task. For DeepLab v3+, the backbone architecture is included within square

brackets.

Table 4.7 Performance comparison between considered network architectures for semantic
segmentation.

Network Metric Experiment (a) Experiment (b) Experiment (c)

DICE 66.74 £ 3.44 65.71 = 8.57 60.74 £ 11.65

U-Net PRECISION 57.13£8.15 52.69 £ 11.96 4543 £ 11.77
RECALL 83.56 +10.61 91.65 + 6.57 96.46 +2.44

DICE 56.44 +9.31 65.05 £6.32 62.02 £12.28

SegNet PRECISION 67.09 £8.01 58.93 £ 14.23 51.67 £ 14.96

RECALL  52.60 + 16.20 81.35+17.69 85.05+13.24
DICE 5221 +11.99 74.23 + 4.85 72.17 £ 8.03

DeepLab v3+ [ResNet18] PRECISION 76.78 + 6.60 76.42 + 8.69 62.76 £ 11.78
RECALL  41.76 +13.55 74.25 +11.23 87.17 £5.64
DICE 57.87 £ 6.88 61.68 +8.75 65.98 +7.84

DeepLab v3+ [ResNet50] PRECISION 59.70 £ 6.35 63.69 = 7.51 54.14 £ 13.81

RECALL 57.10 + 10.43 60.71 £ 11.94 90.95 +10.02

DICE 56.64 + 6.60 73.01 £7.56 66.31 = 13.80

DeepLab v3+ [mobilenetv2] PRECISION 66.49 +5.56 73.50+11.76 57.52 +16.31
RECALL 50.66 = 10.50 75.07 + 10.38 85.35+943

Therefore, it emerges that the best solution coincides with experiment (b) conducted with
DeepLab v3+ using the ResNet18 network as the backbone. It allowed the attainment of a
pixelwise Dice coefficient of 74.23 + 4.85%, a precision of 76.42 + 8.69%, and a recall of
74.25 £ 11.23%.

DeepLab v3+ was hence chosen as the base model to be exploited in the detection phase.
By exploiting the Grad-CAM for semantic segmentation, it was possible to retrieve nuclei
centroids via local maxima of the obtained saliency maps.

On the V1 dataset, the experimental results demonstrated an e, of the identified nuclei
equal to 2.11%, 2.43%, and 11.50% for the NDG-CAM, Mask R-CNN, and combined
method, respectively. When calculated per case, the values for e; were 1.84 + 13.05%, 3.46
+ 6.15%, and 14.45 + 11.22%, indicating that the models generally tend to over-detect on
this dataset.
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In the V4 dataset, the ¢, had a value of 15.26%, 59.22%, and 14.10% for the NDG-CAM,
Mask R-CNN, and combined method, respectively. When calculated per case, the values
for e; were —16.86 + 13.79%, —60.13 + 13.88%, and —14.88 + 12.86%, showing that the
models have a tendency to under-detect on this dataset. In particular, it was noticed that very
small nuclei, such as those of lymphocytes, and elongated ones, such as those of fibrocytes,
were under-detected.

For the detection task, the results are reported in Table 4.8. In the V1 dataset, NDG-CAM,
Mask R-CNN, and the combined method were capable of achieving a Dice coefficient of
0.824, 0.878, and 0.884, respectively. Thus, the combined method obtained slightly better
results than the other methods. As for the recall, the combined method decisively surpasses
the other approaches, with a value of 0.934.

In the V4 dataset, the combined method proves to be the best, achieving a recall of 0.850
and a Dice coefficient of 0.914. Mask R-CNN performs poorly in this case, with a recall of
0.403 and a Dice coefficient of 0.573.

Table 4.8 Comparison of methods for Nuclei Detection. This extends the one proposed by
Alom et al. [340] and Sirinukunwattana et al. [347].

Method Precision Recall Dice

CRImage [345] 0.657 0.461 0.542
CNN [345] 0.783 0.804 0.793
SSAE [342] 0.617 0.644 0.630
LIPSyM [346] 0.725 0.517 0.604
SC-CNN (M = 1) [347] 0.758 0.827 0.791
SC-CNN (M = 2) [347] 0.781 0.823 0.802
UD-Net [340] 0.822 0.842 0.828
NDG-CAM (V1) 0.833 0.815 0.824
NDG-CAM (V4) 0.992 0.841 0.910
Mask R-CNN (V1) 0.867 0.888 0.878
Mask R-CNN (V4) 0.989 0.403 0.573
Combined (V1) 0.838 0.934 0.884

Combined (V4) 0.986 0.850 0.914
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The violin plots calculated per tile are reported in Figure 4.19 for the V1 and V4 datasets,
comparing the NDG-CAM detection method, Mask R-CNN, and the combined approach. It
is worth noting that the Mask R-CNN model works very well on the V1 dataset but performs
poorly on the V4 one. On the other hand, the NDG-CAM and the combined methods maintain

high levels of performance in all scenarios.
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Fig. 4.19 Violin plots for the detection metrics calculated per case. (Left) V1 dataset. (Right)
V4 dataset. In the figure, ns stands for nonsignificant; * denotes p-value < 0.05; ** indicates
p-value < 0.01; and *** means p-value < 0.001.

In the V1 dataset, the combined model does not show a Dice coefficient that is higher in
a statistically significant way than the Mask R-CNN approach, with a p-value of 0.07. On
the other hand, the recall was much higher for the combined method, resulting in a p-value <
0.001 for both NDG-CAM and Mask R-CNN. In the V4 dataset, both the NDG-CAM and
the combined method showed much stronger results than Mask R-CNN, with a p-value less
than 0.001 in both cases for Dice coefficient and recall. Moreover, the combined approach
shows a statistically significant advantage over NDG-CAM (p-value = 0.048) for the Dice

coefficient.

4.2.2.1 Discussion

In order to show the effectiveness of the proposed method, it was compared with existing state-
of-the-art approaches. It has to be noted that the presented method allows exploiting semantic
segmentation architectures to realize nuclei detection, whereas other approaches usually
involve networks specialized for this task. Several approaches proposed in the literature
try to localize centers of the nuclei or proximity maps to those centers [23, 347, 434].

These approaches require instance-level annotations, although the results are promising. On
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the other hand, the proposed method exploits an XAl technique, Grad-CAM for semantic
segmentation, to reconstruct post hoc saliency maps that are related to the centers of the
nuclei, showing that semantic segmentation networks can perform detection tasks without
specialized modifications.

The most widespread metrics employed for assessing algorithms for object detection
involve precision, recall, and the Dice coefficient. Namely, they are the metrics that are also
related to the position of the detected nuclei, and not only to the counts.

A quantitative comparison between considered approaches and existing ones from the
literature is presented in Table 4.8.

From this comparative analysis, it emerges that the proposed method is perfectly aligned
with the state-of-the-art, without the need to implement specific kinds of specialized loss
functions [72] or architectures for detection [19, 93].

Indeed, the NDG-CAM method alone was capable of achieving a Dice coefficient for
object detection of 0.824, whereas the UD-Net [340] method, the top-performing method
among the selected from the literature, had a Dice coefficient of 0.828. When the proposed
NDG-CAM detection method is used in combined usage with Mask R-CNN, the recall
increases to 0.934, and the Dice coefficient to 0.884, surpassing the current state-of-the-art
methods for nuclei detection. On the collected external validation set, metrics are even higher,
with a Dice coefficient of 0.914, showing the generalization capabilities of the proposed
workflow.

Qualitative results for the object detection pipeline involving semantic segmentation
and Grad-CAM on the images of the independent external validation set V4 are depicted in
Figure 4.20. Instead, Figure 4.21 shows the final detection results on the validation datasets
V1 and V4 with the NDG-CAM method, the Mask R-CNN architecture, and the combined
adoption of both methods.

It can be seen from the images of Figure 4.20, taken from the V4 dataset, that precision
is very high. Indeed, virtually all detected nuclei are real. Some small or elongated nuclei,
such as lymphocytic or fibrocytic nuclei, are under-detected. This may be due to a lack of
proper training datasets with a large variety of nuclear shapes.

The two methods show similar performance on the V1 dataset, as can be observed
from Figure 4.21. Mask R-CNN achieves slightly better performance on this dataset, and
considering that it has been trained on a larger training set, the combined method proved
to be superior. From the same figure, it is possible to observe that, in the V4 dataset, Mask

R-CNN does not properly generalize, resulting in the missing of many nuclei (low recall).
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Fig. 4.21 Examples of centroid detection on the validation sets VI and V4. (Top row) Green,
NDG-CAM method detections; red, Mask R-CNN detections. (Bottom row) Blue, combined
method detections. The first and second columns show data from V4, whereas the third and
fourth columns depict data from V1.

4.2.3 Summary

In the research work described in this section, a novel method was presented with the aim of
nuclei identification from histological H&E images. In the proposed multi-stage pipeline,
the first phase involved semantic segmentation. After various experiments, DeepLab v3+
(ResNet18 backbone) emerged as the best-performing architecture. Subsequently, because
this analysis did not allow the distinction of multiple instances of the same object, a novel
detection algorithm, NDG-CAM, which exploited Grad-CAM to solve the problem of
separating the instances, has been proposed. Even without the need to use specialized loss
functions or architectures, it allowed to achieve satisfactory results in the detection task,
comparable to or even better than more sophisticated training setups [23, 342, 345, 434].
When the method is combined with the Mask R-CNN instance segmentation architecture,
results exceed the state-of-the-art methods for nuclei detection.

Even though the local validation set includes only colorectal cancer H&E slides, it has to
be considered that in each slide there are several tissue types present (e.g., stroma, immune
infiltration) and the proposed method has the ability to detect nuclei not only related to the
tumor or normal epithelium of colon but also to other cytotypes.

Indeed, it was noticed under-detection of lymphocytic or fibrocytic nuclei, and this could

be explained by a lack of datasets enriched in these nuclei subtypes. For such a reason, a
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direction for future works includes the collection of a dataset with multiple and balanced
nuclei annotations.

On the clinical side, the proposed workflow could be a valid tool to support pathologists
in the detection and reporting of histological samples, thus allowing a considerable saving
of time and resources, besides providing an objective tool that is more reliable than manual
assessment. Future works will concern the classification of the detected nuclei, in order to
estimate how many are malignant or subjected to specific lesions, so that important clinical

parameters, such as neoplastic cellularity, can be determined quantitatively.

4.3 Computer-Aided Diagnosis for IgA-GN Oxford Classi-

fication

In this section, a novel CAD system, to predict the status of four compartments of the Oxford
classification (M-score, E-score, S-score, and C-score), is proposed. The definition of the
MEST-C-score can be found in Section 2.3.3. Two approaches are considered: the first is
based on image processing filters and feature extraction procedures, followed by layers that
carry out statistical classification of the data, whereas the second exploits state-of-the-art DL
classifiers.

The existing literature based on supervised approaches, surveyed in Section 2.3.3, focused
on a few aspects of the MEST-C-score. Purwar et al. [351] considered only M-score, Chagas
et al. [352] dealt with E-score and M-score, whereas Weis et al. [353] analyzed S-score and
M-score. An unsupervised approach has been tried by Sato et al. [355], showing interesting
clustering results. Uchino et al. [354] tackled the task of scoring the different compartments
of the MEST-C-score, however, the approach proposed in this section managed to achieve
better performance.

The remainder of this section is structured as follows: Section 4.3.1 introduces the dataset
exploited for the experiments. Section 4.3.2 describes the techniques adopted for carrying
out the analysis, both the image processing and machine learning-based, and the DL ones.
Results are presented in Section 4.3.3, whereas conclusions and final remarks are drawn in
Section 4.3.4.
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4.3.1 Materials

To enhance the contrast in samples examined under the microscope, it is essential to choose
an adequate staining technique. The most common staining techniques include H&E, PAS,
Periodic acid-methenamine silver (PAM), and so on.

Furthermore, sometimes more stainings are applied to obtain complementary information.
For a routine diagnosis the typical choice is H&E because it gives the first impression on
the tissue composition (cortical and medullary, cell infiltrations, number of glomeruli, and
so on). The PAS staining is the most sensible choice for a more detailed analysis of the
glomerulus since it highlights glomerular cells and potential modifications of glomerular
structure. In this study, all images are PAS stained since it is the preferred staining technique

by pathologists for analyzing glomerular structures.

4.3.1.1 Dataset Composition

The dataset used in the study comes from the Institute of General Pathology and Pathological
Anatomy of Uniklinik Ko6ln in Cologne (Germany).

During the analysis phase, the following scores were considered: (i) Score M, coded as
"Indeterminate” ("NULL") / "noM" |/ yesM", depending on whether the ratio of mesangial
cells / mesangial area is indeterminate, < 4 or > 4; (ii) Score E, represented as “noE” /
“yesE”, depending on the absence or presence of the condition of endocapillary hypercel-
lularity; (iii) Score S, referred to "NoGS" / "SGS" / "GGS", depending upon the absence of
glomerulosclerosis or the presence of segmental and global glomerulosclerosis, respectively;
(iv) Score C, illustrated as “noC” / “yesC”, depending on the absence or presence of the
cellular or fibrocellular crescent condition. Please note that the definition of segmental
glomerulosclerosis employed for the collection of this dataset is different from the usual
definition. Glomeruli with any amount but not the whole of the tuft involved in sclerosis
were labeled as "SGS".

The original dataset consists of 3617 images of ROIs centered around glomeruli, with
the related segmentation masks, so that further stages can be focused only on the glomeruli
regions. Due to the impossibility of properly labeling some of the images with glomeruli
for problems like artifacts or incomplete ROI, the final dataset on which the processing and
the consequent classifications are carried out, turned out to be 3575 images with the related
masks. The distribution of the considered classes in the dataset is depicted in Figure 4.22,

whereas sample images from the dataset are reported in Figure 4.23.
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Fig. 4.22 The glomeruli dataset distribution.
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Fig. 4.23 IgA Glomerulonephritis — Glomerular patterns. (A) Healthy Glomeruli; (B)
Segmental Glomerulosclerosis; (C) Global Glomerulosclerosis; (D) Mesangioproliferation;
(E) Endocapillary Hypercellularity; (F) Cellular or Fibrocellular Crescent.



4.3 Computer-Aided Diagnosis for [gA-GN Oxford Classification 182

4.3.2 Methods

To perform the classification of the different lesions considered for the glomeruli, two
different approaches have been employed, the first one based on classical feature extraction,
and the second one based on deep features extracted from CNNs. Lastly, ANN models have
been trained on those features to perform the classification. In both cases, the classification
related to the C-score and the E-score has been treated as a binary classification problem,
whereas the classification related to the M-score and the S-score has been treated as a three-

classes classification problem, according to the convention introduced in Section 4.3.1.1.

4.3.2.1 Classical Features

The considered classical feature set includes morphological, textural, and histogram features
extracted from the images. Then, those features have been used to train ANNs. The
image processing procedures were performed with C++ using the OpenCV library. The
pre-processing and feature extraction workflow is shown in Figure 4.24.

In the preprocessing stage, the first operation consisted of applying the morphological
opening to the masks, in order to remove eventual small noisy points outside the glomerulus
region. Thereafter, the images have been masked, cropped, padded to a square size, and
rescaled to 400 x 400.

Color channels extraction has been performed, both in RGB and CMYK color spaces.
Since green (RGB) and magenta (CMYK) image channels have proven to be more rep-
resentative of the glomerular structure, all the subsequent operations have been applied
to these two channels. For color images with 8-bit per channel, CMYK channels can be
computed from the RGB ones using the following relations: R’ = 215‘45; G = %; B = 2‘%;
K'=min(1—-R,1—G,1—B); C = 158K x 255, M = 156K » 255,y = 158K x 255.

The images have been equalized using both the traditional histogram equalization and

the contrast limited adaptive histogram equalization (CLAHE) [446]. The advantage of em-
ploying Adaptive Histogram Equalization (AHE) consists of exploiting different histograms
for different regions of the image, so that locality is considered for the redistribution of
lightness values. On the other side, AHE has an important drawback: it can worsen noise in
homogeneous regions of the image. In order to overcome this limitation, a variant of AHE
has been proposed, CLAHE, which limits the amplification by clamping the histogram to a
given value, the clip limit, before calculating the cumulative distribution function. The clip

limit is a parameter that is calibrated according to the size of the neighborhood region.
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To perform these techniques the OpenCV library has been used, in particular the function
equalizeHist() and the CLAHE class. The clip limit has been set to 4. The images have been
partitioned into squared tiles of 8 x 8 pixels.

The Laplacian of Gaussian operator (LoG) has been implemented via the OpenCV
Laplacian() and GaussianBlur() functions, where the Gaussian filter has been chosen with a
3 x 3 kernel.

The Discrete Wavelet Transform (DWT) is a pivotal method for signal processing and
analysis. Its efficiency has been proven for numerous applications, such as image denoising
and compression. The properties which make DWT important include (i) the capability
to analyze signals with time-varying characteristics, since it allows to perform a fine time-
frequency localization; (i1) the possibility to realize multi-resolution representations; (ii1)
simplicity of implementation through a filter bank.

The DWT has been computed through the iterative implementation of two high-pass and
low-pass filters: HPF : \/Li[l,—l]; LPF : \/Li[l’ 1]

The output consists of an image divided into four sub-bands:

* The LL sub-band is the approximation band and is obtained by applying the convolution

with the low-pass filter in the horizontal and vertical directions.

* The LH sub-band (the first of the three detail sub-bands) is the output of the convolution
with a low-pass filter in the horizontal direction and with a high-pass filter in the vertical

direction.

* The HL sub-band (the second of the three detail sub-bands) is the output of the
convolution with a high-pass filter in the horizontal direction and with a low-pass filter

in the vertical direction.

* Finally, the HH sub-band (the last detail sub-band) is the output of the convolution
with a high pass filter both in the horizontal and vertical directions.

The purpose of applying different equalization and filtering methods to the images was to
find the techniques leading to the most discriminative features.

Hu moments and Haralick texture features have been extracted from different sources:
images equalized with the classical histogram equalization, images equalized using CLAHE,
images filtered with LoG applied after CLAHE, all the four sub-bands derived from the
application of the wavelet transform to the images formerly equalized using CLAHE.

Seven histogram features (mean, variance, standard deviation, skewness, kurtosis, entropy,

and energy) have been extracted from images filtered with LoG applied after CLAHE and
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all of the four sub-bands derived from the application of the discrete wavelet transform to
the images formerly equalized using CLAHE. All these operations have been computed
considering both magenta and green color channels.

In addition, four morphological features (compactness, eccentricity, roundness, and
convexity) have been extracted from the masks. Let a be the area, p the perimeter, / the
length of the short axis, L the length of the long axis, ¢ the convex perimeter, then those
features can be defined as in Equation (4.11), Equation (4.12), Equation (4.13), and Equation
(4.14), respectively.

4.7
Compactness = 3 a (4.11)
p
. l
Eccentricity = I 4.12)
4.7
Roundness = 7r2 a 4.13)
c
. c
Convexity = — 4.14)
p

All the ANNs have been developed using MATLAB® with slightly different topology
architectures depending on thE-score under consideration.

For the C-score and the E-score an ANN with the following options has been built
with hiddenLayerSize set to [10 10], trainingFunction set to traingdx, epochs set to 500,
costFunction set to crossentropy, and lastLayerActivationFunction set to logsig.

The data were split into a training set (80%) and a testing set (20%). Furthermore, 20%
of data from the training set has been used for validation. Due to its underrepresentation,
the positive class has been oversampled in both cases using the ADASYN [447] method.
The oversampling has been computed just for the training set. The different tests were
carried out by extracting three kinds of features: Hu moments (Hm), Haralick features (Hf),
and histogram features (Hi). To avoid overfitting, the lambda regularization parameter has
been set as follows: (i) A = 0.9 when the features used were Hm and Hf extracted from the
equalized images only; (ii) A = 0.6 when the features used were Hm and Hf extracted from
the equalized images (CLAHE) together with the Hi computed on the LoG applied to the
equalized images; (iii) A = 0.5 when the features used were Hm and Hf extracted from the
equalized images (CLAHE) together with the Hi computed on each of the four sub-bands
deriving from the DWT application.
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For the M-score and the S-score an ANN with the following options has been built:
hiddenLayerSize set to [20 20], Adam [256] optimizer, batch size of 64, and GradientThresh-
oldMethod set to [2norm. The last layer is a softmax layer because in these cases.

The following features’ configurations were compared:

Hm and Hf extracted from the images equalized with the traditional histogram equal-
ization (histeq() in MATLAB®);

* Hm and Hf extracted from the images equalized using CLAHE;
* Hm and Hf calculated on the LoG applied to the image equalized with CLAHE,;

* Hm and Hf calculated on each sub-band deriving from the application of the discrete

wavelet transform to the image equalized with CLAHE;

* Hm and Hf calculated on the image equalized with CLAHE and Hi calculated on the
LoG applied to the image equalized with CLAHE;

* Hm and Hf calculated on the image equalized with CLAHE and Hi calculated on each
DWT sub-band of the image equalized with CLAHE.

In all cases, the morphological features calculated on the masks were also included.

The best results were obtained in all cases by calculating the Hu moments and the
Haralick features on the image equalized with CLAHE and the features of the histogram
calculated on LoG (in the case of C-score and E-score) and on the sub-bands of the DWT (in
the case of M-score and S-score).

To compare the performance of the ANNSs, in order to find the image processing tech-
niques leading to the most discriminative features, the following metrics have been considered:

accuracy, sensitivity, and precision.

4.3.2.2 Convolutional Neural Networks

With regard to deep learning and convolutional neural networks, the first approach taken into
account for this study has been transfer learning.

In transfer learning [57], a model previously trained to carry out a specific task is reused
for the execution of a second different job. The idea is to exploit the data of the first
iteration of the neural model training to extract information that can be useful for making
new predictions on data from a different domain. The intuition behind transfer learning,

especially in the image classification domain, is that if a model is trained on a sufficiently
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Fig. 4.24 Workflow for preprocessing and feature extraction from images.

large and general dataset, as ImageNet [190], it will effectively be capable to extract universal
representations of the visual world; it will therefore be possible to exploit the feature maps
learned without having to train a new model from scratch, wasting resources and time in the
training process. The employed transfer learning workflow is reported in Figure 4.25.

Features have been extracted from the last convolutional layer of the following pre-trained
CNNs: ResNet-18, ResNet-50 [48], GoogleNet [43], SqueezeNet [66], and MobileNet [448]
for C-score, E-score and M-score. Moreover, for S-score also ResNet-101 [48], VGG-16
[41], AlexNet [26], and Inception-v3 [64] have been considered.

The feature matrices extracted from each of the aforementioned pre-trained models have
been used to train an ANN with a different architecture depending upon both the target lesion
and the considered model. The different topologies exploited for the ANNs are reported in
Table 4.9, considering all CNN architectures and endpoints.

The following options have been also set for all cases regarding C-score and E-score:
training Function set to traingdx, 500 epochs, costFunction set to crossentropy, and lastLay-
erActivationFunction set to logsig.

As for the classical features models, the data were split into a training set (80%) and a
testing set (20%). Furthermore, 20% of data from the training set has been used for validation.

Due to its underrepresentation, the positive class has been again oversampled in both cases
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Fig. 4.25 Transfer Learning Workflow for Glomeruli MESC Classification.

Table 4.9 Topologies for the ANN configuration. Considered endpoints: M, E, S, C lesions.

Model Score M Score E Score S Score C
ResNet18 [64 32 8] [15] [64 32 8] [15]
ResNet50 [64 32 8] [15] [64 32 8] [10 10]
GoogleNet [64328] [15105] [643238] [15]
ResNet1l01 X X [128 32 64] X

VGG16 X X [64 32 8] X
AlexNet X X [64328] X
InceptionV3 X X [64 32 8] X
SqueezeNet [64 32 8] [101010] [64 32 §] [10 10 10]
MobileNet  [64 32 8] [10 10] [128 32 64] [15]
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using the ADASYN method. The oversampling has been computed just for the training set.
To avoid overfitting regularization has been taken into account.

The following options have been also set for all cases regarding M-score and S-score:
trainingFunction set to trainscg and net.layers{end)}.transferFcn set to softmax. As al-
ready mentioned, M-score and S-score classification have been treated as a three-classes
classification problem.

The performances of the different approaches using pre-trained CNNs, the custom CNN
and retrained ResNet-50 have been evaluated with the following metrics: accuracy, sensitivity,

specificity, precision, Fj-score, and AUC.

4.3.3 Results
4.3.3.1 Classical Features

Comparing the values of accuracy, sensitivity (recall) and precision, the features which have
been proven to be especially discriminative are the concatenation of the following features

extracted for both the green and the magenta channels:
1. Hm and Hf computed on images equalized using CLAHE;

2. Hi extracted from the sub-bands derived from the DWT applied to the equalized images
(for C-score and E-score) or Hi extracted from the LoG applied to the equalized images
(for M-score and S-score); Morphological features extracted from the masks have been

also concatenated to the above-mentioned ones.

Numerical results, namely accuracy, precision, and recall, are reported in Table 4.10, Table

4.11, Table 4.12, and Table 4.13 for M-score, E-score, S-score, and C-score, respectively.

4.3.3.2 Convolutional Neural Networks

Numeric results, in terms of Accuracy, Precision, Sensitivity, Specificity, Fi-score, and AUC
are reported for all the transfer learning CNN architectures considered, for all the endpoints.
Table 4.14, Table 4.15, Table 4.16, and Table 4.17 displays the results with CNN trained on
M-score, E-score, S-score, and C-score.

The retrained ResNet-50 model has been exploited also to understand the regions behind
the decisions made by the CNN, by exploiting the popular Grad-CAM [132] algorithm.
Results of Grad-CAM are reported in Figure 4.26.
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Table 4.10 M-score — ANN Results starting from classical features.
Precision Recall
Channel Feature Image Accuracy Nan noM yesM Nan noM  yesM
Histeq 0627  0.847 0554 0561 0.671 0.831 0.333
CLAHE 0.690 0929 0.607 0.611 0.761 0.790 0.465
Hm + Hf LoG 0352 0388 0415 0.173 0245 0513 0.206
Magenta DWT 0.358  0.392 0410 0216 0283 0464 0.270
_ Hi(LoG) 0.682 0914 0.642 0.557 0.766 0.632 0.658
Hm +Hf (CLAHE) +Hi 1 pwT) 0701 0945 0.609 0.640 0.770 0.812 0.495
Histeq 0.574 0716 0528 0.513 0.613 0.658 0.432
CLAHE 0.683  0.898 0.609 0.605 0.752 0.750 0.532
Hm + Hf LoG 0.348 0384 0414 0.193 0234 0487 0.262
Green DWT 0.363 0409 0412 0227 0283 0464 0.298
_ Hi(LoG) 0.687 0927 0.601 0.619 0.748 0.787 0.505
Hm +Hf (CLAHE) +Hi ; pwT) 0693 0954 0.601 0.622 0.752 0.779 0.527
Hi(LoG) 0707  0.886 0.647 0.627 0.851 0.762 0.502
Magenta + Green Hm + Hf (CLAHE) Hi ODWT) 0.676  0.857 0.627 0.565 0.866 0.687 0.789
Table 4.11 E-score — ANN Results starting from classical features.
Channel Feature Image Accuracy Precision Recall
Histeq 0.615 0.029 0.500
CLAHE 0.633 0.190 0.417
Hm + Hf LoG 0.606 0.015  0.250
Magenta DWT 0.709 0.043 0.562
~ Hi(LoG) 0.756 0.018 0.250
Hm + Hf (CLAHE) +Hi p; pwT)  0.736 0.047  0.562
Histeq 0.655 0.250 0.375
CLAHE 0.726 0.093 0.655
Hm + Hf LoG 0.598 0.021  0.500
Green DWT 0.711 0.056 0.750
~ Hi(LoG) 0.772 0.013 0.167
Hm + Hf (CLAHE) + Hi i pwT)  0.758 0.051  0.562
Hi (LoG) 0.778 0.108 0.621
Magenta + Green Hm + Hf (CLAHE) Hi (DWT) 0.799 0.124 0.655
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Table 4.12 S-score — ANN Results starting from classical features.
Precision Recall
Channel Feature Image Accuracy Nan noM yesM Nan noM  yesM
Histeq 0.795  0.346 0.838 0.939 0.110 0.709 0.110
CLAHE 0.832 0333 0917 0972 0.049 0.880 0.049
Hm + Hf LoG 0.603 0250 0294 0.789 0.014 0.199 0.014
Magenta DWT 0.795 0556 0929 0.980 0.061 0.749 0.061
_ Hi(LoG) 0586  0.107 0276 0.710 0.043 0213 0.043
Hm + Hf (CLAHE) + Hi g pwT)  0.848 0476 0917 0972 0.122 0886 0.122
Histeq 0.760  0.538 0.742 0.937 0.171 0.526 0.171
CLAHE 0.821  0.611 0923 0972 0.134 0.817 0.134
Hm + Hf LoG 0.606  0.056 0310 0.775 0.014 0209 0.014
Green DWT 0.828  0.409 0918 0.967 0.110 0.829 0.110
_ Hi(LoG) 0.588  0.079 0295 0.692 0.043 0.232 0.043
Hm+Hf (CLAHE) +Hi p pwT) 0828 0450 0919 0967 0.110 0.829 0.110
Hi(LoG) 0.841  0.847 0.558 0.894 0.940 0.253 0.905
Magenta + Green Hm + Hf (CLAHE) Hi DWT) 0.835 0.833 0516 0.900 0947 0.168 0911
Table 4.13 C-score — ANN Results starting from classical features.
Channel Feature Image Accuracy Precision  Recall
Histeq 0.668 0.127 0.750
CLAHE 0.703 0.146 0.795
Hm + Hf LoG 0.845 0.023 0.074
Magenta DWT 0.652 0.041 0.370
~ Hi (LoG) 0.832 0.189 0.523
Hm + Hf (CLAHE) + Hi 3 (pwT) 0.697 0.150 0.841
Histeq 0.690 0.126 0.682
CLAHE 0.742 0.156 0.727
Hm + Hf LoG 0.634 0.043 0.407
Green DWT 0.676 0.032 0.259
~ Hi (LoG) 0.730 0.164 0.700
Hm + Hf (CLAHE) + Hi g; (pwr) 0.732 0.161 0.795
Hi (LoG) 0.768 0.174 0.620
Magenta+Green Hm + Hf (CLAHE) Hi (DWT) 0.772 0.188 0.680
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Table 4.15 E-score — ANN Results starting from CNN feature extraction.

Model Accuracy Precision Sensitivity Specificity F1 Score AUC
ResNetl8  0.866 0.162 0.552 0.879 0.250 0.807
ResNet50  0.828 0.139 0.621 0.837 0.226 0.839
GoogLeNet 0.798 0.113 0.586 0.806 0.189 0.782
SqueezeNet 0.824 0.124 0.552 0.840 0.202 0.784
MobileNet  0.813 0.128 0.621 0.821 0.212 0.777

(a) NoGS

(b) SGS

(c) GGS

Fig. 4.26 Grad-CAM sample results for S-score. Examples are displayed in three blocks: (a)
images from the NoGS class; (b) images from the SGS class; (c) images from the GGS class.
Misclassified cases are marked with a star.
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Table 4.17 C-score — ANN Results starting from CNN feature extraction.

Model Accuracy Precision Sensitivity Specificity F1 Score AUC
ResNetl8 0.806 0.230 0.760 0.809 0.354 0.864
ResNet50 0.782 0.206 0.740 0.785 0.322 0.839
GoogLeNet 0.694 0.149 0.720 0.692 0.247 0.817
SqueezeNet 0.790 0.231 0.860 0.772 0.364 0.891
MobileNet  0.758 0.185 0.720 0.761 0.294 0.837

4.3.4 Summary

The Oxford Classification for IgA glomerulonephritis is the most successful example of an
evidence-based nephropathology classification system. The aim of the proposed machine
learning approach is to develop a model for the automatic analysis of large biopsy cohorts
with perfect reproducibility and minimal human effort.

A dataset of 3575 glomerular image crops from PAS sections of biopsies with IgA-GN
was exploited. All crops were labelled by an expert nephropathologist for the M-score as inde-
terminate, yes/no, the E-scores as yes/no, the S-score as global glomerulosclerosis/segmental
glomerulosclerosis/no glomerulosclerosis, the C-score as yes/no.

Several neural network architectures were trained for the M, E, S, C classifiers and
compared the performance with standard metrics. The dataset was split into 64%/16%/20%
for training, validation, and testing. Dataset disbalance was addressed with ADASYN.
Different topologies of ANN were trained on top of both classical and deep CNN features
extracted in a transfer learning paradigm for 500 epochs, exploiting the cross-entropy loss
function.

The frequency of expert labels regarding M were 42%/30%/28% for yes/nolindeterminate,
regarding E was 2%/98% for yes/no, regarding S was 23%/13%/64% for global glomeru-
losclerosis/segmental glomerulosclerosisino glomerulosclerosis, regarding C was 6%/95%
for yes/no. The best results were obtained with the transfer learning framework.

For the M lesion, the best AUC was 0.848 achieved by MobileNet. Corresponding
Fi-score, specificity, sensitivity, precision, and accuracy values were 0.640, 0.855, 0.624,
0.657, 0.750, respectively. The SqueezeNet model led to more balanced results, with an AUC
of 0.848, an Fi-score of 0.875, a specificity of 0.871, a sensitivity of 0.851, a precision of
0.900, and an accuracy of 0.729.

For the E lesion, the best AUC was 0.839 attained by ResNet50. Corresponding accuracy,
precision, sensitivity, specificity, and Fi-score values were 0.828, 0.139, 0.621, 0.837, 0.226,
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and 0.839, respectively. ResNetl8 managed to achieve slightly better accuracy, but with a
slightly lower AUC. Indeed, the metric values were as follows: AUC of 0.807, F;-score of
0.226, specificity of 0.837, sensitivity of 0.621, precision of 0.139, and accuracy of 0.866.

For the S lesion, the best AUC for the detection of segmental glomerulosclerosis was
demonstrated by GoogLeNet, with a value of 0.881. Instead, for the detection of global
glomerulosclerosis, VGG-16 managed to achieve an AUC of 0.990. Retraining the ResNet50
model has consented to obtain balanced results. The overall accuracy is 0.832. Precision,
sensitivity, specificity, Fi-score, and AUC were 0.444, 0.663, 0.871, 0.531, and 0.862, respec-
tively, for segmental glomerulosclerosis; 0.928, 0.923, 0.973, 0.925 and 0.987, respectively,
for global glomerulosclerosis.

For the C lesion, the SqueezeNet displayed the overall best results. It managed to achieve
an AUC of 0.891, an Fj-score of 0.364, a specificity of 0.772, a sensitivity of 0.860, a
precision of 0.231, and an accuracy of 0.790.

Hence, features extracted from modern deep network architectures, pre-trained on Im-
ageNet, deliver promising results for the replication of expert labels for the glomerular
components of the Oxford classification. However, larger training sets are needed to over-
come the disbalance of rare lesions like E and C in randomly generated datasets.

Ongoing work includes the investigation of the role of Generative Adversarial Networks
for generating such glomerular crops with rare lesions, exploiting the truncation parameter
of StyleGAN2 ADA [449].

As part of future work, an automatic segmentation model will be deployed to generate
larger datasets from more institutions. Finally, an end-to-end protocol, capable to provide M,
E, S, C outputs for the input of unsegmented whole slide images, will be implemented and
validated.



Chapter 5
Conclusion

The research works carried out for this thesis were devoted to the conceptualization, imple-
mentation and evaluation of novel systems that can assist physicians in the routine practice,
offering an objective methodology to solve real medical problems.

In the proposed pipelines, different objectives were considered, including enhancement of
the clinical performance, disposability and usability of the methodology, and feasibility of the
integration into the daily clinical practice. Moreover, the investigation of principles behind
the developed systems, by exploiting perceptive or mathematical explainability techniques,
has been carried out when it has been possible.

Applications concerned a wide range of medical tasks, including data coming from
Radiology and Digital Pathology setups. In the studies carried out for this thesis, data were
provided by local institutions or come from public repositories. Physicians have contributed
to the validation of most of the proposed systems.

A depth study of the state-of-the-art in the considered domains is presented in Chapter 2,
with a focus on Deep Learning, Radiomics, and Pathomics, the emerging paradigms which
are revolutionizing the medical practice in our days.

The proposed systems are detailed in Chapters 3 and 4 for Radiology and Digital Pathol-
ogy, respectively. Each section details the materials and methods, the design decisions, as
well as the results, and draws a summary concerning the study. Results have been com-
pared with other works found in the state-of-the-art analysis. Pros and cons of the proposed
approaches have been summarized and discussed even in a comparison with the existing
others.

Chapter 3 describes four case studies in Radiology: liver segments classification for
surgical planning, vertebrae segmentation and identification, prostate image segmentation

and registration to achieve fusion biopsy, and lung COVID-19 lesions characterization.
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The framework proposed in Section 3.1 exploits two novel formulations for the focal
Dice loss, which permit to obtain a reliable classification of the liver segments, according to
the Couinaud model, which has a fundamental role in modern hepatic surgery, since it allows
to reduce the complications of more extensive parenchyma resections. The best model was
capable to achieve an average Dice coefficient higher than 83% and an average accuracy
higher than 98%.

In Section 3.2, a novel approach is proposed for vertebrae segmentation and identification.
The implemented pipeline allows to achieve accurate results, being the average multi-class
Dice coefficient higher than 90%, with a fast and straightforward approach. Moreover, the
vertebrae identification stage successfully exploits unsupervised learning and therefore does
not require training data but only a moderate user interaction. The clinical value of this
method concerns the possibility to augment the functionalities of navigators exploited in
minimally invasive procedures for spine surgery.

Section 3.3 describes a setup for fusion prostate biopsy, which involves segmentation from
TRUS images with the technique of deformable superellipses, segmentation from MRI with
the nnU-Net framework, and registration among the two imaging modalites. Fusion prostate
biopsy provides a more reliable and accurate procedure than traditional prostate biopsy which
extracts 10 to 12 tissue samples from predetermined prostate anatomical regions, without
considering the region annotated in the MRI by the radiologist. Segmentation results are
promising, being the Dice coefficient higher than 88% and 87% for the MRI and TRUS
images, respectively. Image registration, which is mandatory to correctly perform image
fusion, shows a Dice coefficient higher than 91% for all the considered cases.

Section 3.4 outlines a workflow devoted to characterizing lung parenchyma and lesions
for COVID-19 patients. Indeed, one of the worst complications of COVID-19 is the onset
of pulmonary thromboembolism. CT scans are the clinical routine procedure to assess the
severity of lung lesions but do have not the same sensitivity as CTA scans to diagnose PTE.
In this study, a segmentation pipeline, based on V-Net, is developed, and a radiomic signature
is extracted to characterize the patients with a higher risk of PTE onset. The segmentation
stage achieved a Dice coefficient higher than 97%, whereas 9 uncorrelated radiomic features
demonstrate strong statistical significance, achieving a corrected p-value lesser than 0.01.

Chapter 4 inscribes three case studies in Digital Pathology: stain color normalization for
CRC tissue classification, nuclei detection from histopathological images, and a Computer-
Aided Diagnosis System for IgA glomerulonephritis Oxford Classification.

Section 4.1 describes the role of Unsupervised Image-to-Image Translation frameworks

in stain color normalization. Several GAN models are compared between themselves and
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with respect to traditional image processing color normalization techniques. Novel insights
are drawn, and a novel metric, PPQ, based on the pathologist’s perceptive quality assessment
of images, is introduced. Particularly, PPQ shows correlation to FID and LPIPS, and FID to
classification metrics, thus showing interesting relationships between the quality of generated
images, both from a mathematical and an expert pathologist perspective, and the accuracy of
downstream classifiers. The best performing normalization technique, FastCUT, paired with
DenseNet201 feature extraction, manages to achieve an accuracy of more than 84% on the
locally collected validation set.

Section 4.2 presents a novel method, NDG-CAM, for performing the detection of nuclei
by exploiting Semantic Segmentation networks and Grad-CAM. Even without the need to
use specialized loss functions or architectures, it consented to achieve satisfactory results in
the detection task, comparable to or even better than more complex training setups. When
the method is combined with the Mask R-CNN instance segmentation architecture, results
exceed the state-of-the-art methods for nuclei detection. In detail, the NDG-CAM method
achieves a Dice coefficient of 82.4% and 91.0% on the publicly available and the locally
collected validation sets, respectively. The combined model obtains a very impressive Dice
coefficient of 88.4% and 91.4% on the same validation datasets, showing the effectiveness of
combining diverse techniques for the nuclei detection task.

Section 4.3 proposes a CAD for performing the Oxford Classification for IgA glomeru-
lonephritis. The aim of the proposed DL-based approach is to develop a model for the
automatic analysis of large biopsy cohorts with perfect reproducibility and minimal human
effort. Features extracted from modern deep network architectures, pretrained on ImageNet,
deliver promising results for the replication of expert labels for the glomerular components
of the Oxford classification. However, larger training sets are needed to overcome the
disbalance of rare lesions like E and C in randomly generated datasets. As future work,
an automatic segmentation model will be deployed to generate larger datasets from more
institutions. Finally, an end-to-end protocol, capable to provide M, E, S, C outputs for the
input of unsegmented whole slide images, will be implemented and validated.

In conclusion, in this thesis, several technical contributions have been proposed. They
include the design of innovative algorithms for tasks that are clinically relevant, the enhance-
ment of existing workflow, statistical analysis and visualization of data coming from new
cohorts, and the realization of CDSSs that fuse existing techniques in a novel and effective
way.

The proposed approaches, in all the case studies, were compared to existing methodolo-

gies and validated with the support of expert clinicians to enhance the validity of the systems.
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XALI techniques have been employed, when needed, to have a better understanding of the
developed systems’ behavior.

Radiomics and Pathomics are shifting the radiologists’ and pathologists’ traditional
evaluation processes by enabling computational techniques to objectively assess tissues and
lesions, providing a numerical characterization of the diseases’ phenotypes.

In the future, computational methodologies will play an increasingly important role in
the clinical practice, supporting the decision-making process, and will add the possibility
to discover novel and effective biomarkers, especially in data-driven disciplines such as

radiology and histopathology.
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