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“ All life is an experiment. The more experiments you make the better. ”

Ralph Waldo Emerson
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Abstract

With millions of cases annually, cancer is one of the most concerning diseases for

healthcare systems worldwide. Among the many types of cancer, lung cancer is the dead-

liest of all. Due to its aggressiveness and late detection, approximately 81% of the nearly 2

million lung cancer cases result in death—an alarming and extremely high figure that de-

mands effort and attention from various scientific fields in the search for better treatments

and diagnostic methods.

The focus of this work is precisely to support the diagnostic processes, particularly the

segmentation of pulmonary nodules, a task that requires time and skilled professionals

and directly impacts the correct treatment of patients.

To achieve this, the study begins with an overview of lung cancer, including introduc-

tory concepts about the Deep Learning techniques used in this work. These techniques

aim to identify nodules in images from computed tomography systems and create a map

with their dimensions and locations within lung tissue. A review of related works is then

conducted to understand the current state of research on pulmonary nodule segmenta-

tion, the best techniques, and the most significant results. Before initiating the series of

experiments, the general methodology, as well as the data and preliminary processes, are

presented.

Eight experiments are conducted to determine which components are more or less

important, how attention mechanisms improve training performance, and how the cor-

rect use of data is essential for generating a robust model. Finally, the proposed model

is presented, achieving a final performance of 61.4% DICE Coefficient, along with the

conclusions of the study.

The data used for training and validating the models were collected from public datasets

(LIDC and Medical Decathlon) and through a partnership with Hospital de São João in

Porto, Portugal.

Keywords: Lung Cancer, Pulmonary Nodule Segmentation, Deep Learning, Auto-

matic Nodule Segmentation





Resumo

Com milhões de casos anualmente, câncer é uma das doenças mais preocupantes para

os serviços de saúde em todo o mundo e, dentre os mais variados tipos existentes, câncer

de púlmão é o mais letal de todos. Devido sua agressividade e detecção tardia, cerca de

81%, dos quase 2 milhões de casos de câncer de pulmão, acabam em óbitos, um número

alarmante e extremamente elevado que demanda esforço e atenção de várias áreas ci-

entı́ficas na busca de melhores tratamentos e diagnósticos.

O foco deste trabalho se dará justamente em apoiar os processos de diagnóstico, em

especial a segmentação dos nódulos pulmonares, algo que demanda tempo e profissionais

capacitados e impacta diretamente o correto tratamento dos pacientes.

Para isso, primeiro é feito um levantamento básico do que é o câncer de pulmão, con-

ceitos introdutórios sobre as técnicas de Deep Learning a serem utilizadas durante o tra-

balho, que irão aprender a identificar os nódulos em imagens vindas de sistemas de tomo-

grafia computadorizada, bem como criar um mapa de com as dimensões e localizações

no tecido pulmonar. É realizado então um levantamento de trabalhos relacionados para

entender o estado corrente dos estudos de segmentação de nódulos pulmonares, melho-

res técnicas e resultados. Antes de iniciar a série de experimentações é apresentada a

metodologia geral e os dados e processos prévios que foram executados.

Oito experimentos são então conduzidos a fim de detectar quais componentes são

mais ou menos importantes, como a atenção apoia na melhoria da performance dos trei-

nos e como o correto uso dos dados é essencial para a geração de um modelo coerente.

Por fim é apresentado o modelo proposto, com performance final de 61.4% de DICE Co-

efficient e as conclusões dos estudos.

Os dados utilizados durante o treino e validação dos modelos foram coletados de con-

juntos públicos (LIDC e Medical Decathlon) e também através de parceria com o Hospital

de São João, da cidade do Porto.

Palavras-chave: Câncer de Pulmão, Segmentação de Nódulos Pulmonares, Deep Le-

arning, Segmentação Automática de Nódulos
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Chapter 1

Introduction

Lung cancer is one of the major health problems worldwide, according to the World

Health Organization (WHO) [1]. Lung, tracheal, and bronchial cancers rank as the sixth

leading cause of death globally, with an increase from 1.2 million deaths in 2000 to 1.6 mil-

lion deaths in 2019. According to the WHO [2], lung cancer is the second most common

cancer globally, trailing only breast cancer. However, it is the most lethal type of cancer,

with nearly double the deaths compared to colorectal cancer, which is the second-ranking

cancer in terms of mortality.

In the European Union, data from the European Cancer Information System (ECIS)

shows that lung cancer represents 11.6% of all cancer cases and 19.5% of cancer-related

deaths. Also, it is the fourth most frequently occurring cancer, following prostate, breast,

and colorectal cancers, and stands as the leading cause of cancer death. Moreover it is

estimated that new cases increased by 2.3% and deaths by 2.4% from 2020 to 2022. [3].

When examining more specific data for Brazil and Portugal, similarities with the global

and Europe Union scenario emerge.

In Brazil, according to the Instituto Nacional do Câncer (INCA) [4], lung cancer ac-

counts for 18% of deaths among all types of cancer. In Portugal, according to the Instituto

Nacional de Estatı́stica (INE) [5], approximately 15% of cancer deaths are characterized as

being related to the trachea, bronchi, and lungs.

When analysing this alarming numbers, it is clear to see that lung cancer is a major

issue of general public health. Therefore, it is crucial to develop new solutions for the

early detection of cancer so that we can potentially decrease the number of deaths that are

associated with this disease.

1
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FIGURE 1.1: Top 10 Causes of Deaths in 2000 and 2019. From [1].

1.1 Motivation

When observing the data, it is possible to see that lung cancer has a high mortality rate

relative to the total number of cases, with approximately 81% [2] of diagnosed individuals

succumbing to this disease. This is largely attributed to late diagnoses and the significant

challenge of analyzing medical images. As presented by the American Lung Association

[6], in the United Sates, 47% of the lung cancer cases are diagnosed in late stages. In

Ciompi et al. [7], a comparative study involving four healthcare professionals with exten-

sive experience demonstrated an average accuracy of 72.9% in the human classification

of cancerous nodules. This shows that even for experienced specialists, there is an almost

30% rate of misclassification of lung nodules.

The use of computer systems then emerges as an important tool to help reduce diag-

nosis time and increase confidence in the correct classification of nodules, in the study by

Singh et al. [9], it was found that the use of computational models tends to improve the

specificity of mass classification in breast tissue by 20% to 43%. Showing that Computer-

Aided System (CAD or CAD System) have significant potential in supporting healthcare
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FIGURE 1.2: Incidence and Mortality of Lung Cancer in Europe Union. From [8].

professionals, providing ease and confidence, simplifying and expediting processes.

In an attempt to develope a new CAD System, this work aims to expand the under-

standing of nodule segmentation in lungs, assess the current state-of-the-art, and inves-

tigate methods and solutions to support healthcare in accurately identifying cancerous

nodules in the lungs with the use of deep learning, detailed at section 2.4.

1.2 Objectives and Contributions

The main objective of this work is to develop a Deep Learning framework capable of auto-

matically segmenting lung nodules, aiming to assist healthcare professionals in achieving

greater speed and efficiency in lung cancer treatment. Initially, a comprehensive study

of the current state-of-the-art in nodule segmentation will be conducted to identify the

techniques and processes used, as well as potential opportunities for innovation and lim-

itations. In the field of nodule segmentation, there is a wide variety of approaches and
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scopes of operation, so it is necessary to consolidate these efforts for an assessment of the

current scenario.

Secondly, this work will develop an automatic framework for general use, where lim-

itations related to nodule types, locations, or densities are addressed and do not become

obstacles for use in any given scenario. Finally, a range of numerous experiments and

comparisons will be conducted to build a centralized and extensive database of nodule

segmentation frameworks, aiming to support future work.

1.3 Structure

The chapter sequence will unfold as follows: Chapter 2 will address basic definitions

regarding lung anatomy, lung cancer, deep learning, different tasks of deep learning for

the analysis of computed tomography scans, and other evaluation methods. Chapter

3 will analyze the state-of-the-art, providing a literature review and presenting data on

the main used methods. Chapter 4 will explain the different available datasets and the

required preprocessing steps. Chapter 5 is where the experiments, discussions and the

proposed method are presented. Finally, Chapter 6 will present the conclusion of the

work and additional considerations.



Chapter 2

Main Concepts

In this chapter of the thesis, the main definitions will be presented to establish the object

of study. This will include basic concepts of lung anatomy [2.1], an overview of lung

cancer and its impact on the organ [2.2], an introduction to the lung CAD System and the

various tasks related to lung cancer [2.3], a brief overview of deep learning [2.4], its most

commonly used architectures in nodule segmentation [2.4.1], and finally, an exploration

of methodologies different than deep learning.

2.1 Lungs

Located at the chest cavity, the lungs are the main organ of the respiratory system, consist-

ing of two parts shaped like pyramids with the function of exchange oxygen and carbon

dioxide between the environment and the body. [10]

FIGURE 2.1: Gross Anatomy of the Lungs. From [10].

5
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As depicted in Figure 2.1, the two parts are connected to the trachea through the right

and left bronchi. The left side is smaller and has a cardiac notch to accommodate the

heart, while the right side is slightly wider but shortened due to the higher position of the

right diaphragm to make room for the liver.

Both parts are composed of lobes, with 3 on the right and two on the left. On the right,

there are the lower, middle, and upper lobes, while on the left, there are the lower and

upper lobes. Each lobe has multiple bronchopulmonary segments that receive air, and is

supplied with blood by its own artery.

FIGURE 2.2: Parietal and Visceral Pleurae of the Lungs. From [10].

Each lung is enveloped by a membrane called the pleura, which has two layers, the

visceral and the parietal. The visceral layer is directly superficial to the lung, while the

parietal layer connects with the walls of the thoracic cavity. These layers are connected to

each other through the hilum.

2.2 Lung Cancer

The National Cancer Institute defines cancer not as a single disease but as a collection of

related diseases characterized, in brief, by uncontrolled cell growth in virtually any part

of the body, where the genes of the cells no longer function correctly [11].

Lung cancer specifically occurs when this uncontrolled growth begins in the lung re-

gion, although it is not necessarily confined to it, as it can spread throughout the body.

Typically, lung cancer is categorized into two types, Small Cell Lung Cancer (SCLC) and

Non-Small Cell Lung Cancer (NSCLC) [12], which are detailed further below. Regarding
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risk factors for lung cancer smoking is widely recognized as the foremost among them,

accounting for approximately 80% of cases. [13].

Other risk factors include, but are not limited to [14]:

• Secondhand smoke;

• Exposure to radon;

• Exposure to asbestos;

• Personal or family history of lung cancer.

2.2.1 Lung Cancer Types

As mentioned earlier, there are two types of lung cancer, SCLC and NSCLC. Both share

the same causes, risk factors, and many of the same types of treatment. However, it is

worth highlighting some distinctions between them.

NSCLC is the more common type, accounting for about 80% to 85% of cases [12]. It

is less aggressive and develops more slowly. Typically, it is classified on a staging scale

ranging from 0 (undetected) to 5 (extensively spread to other areas of the body). NSCLC

offers a wide range of possible treatments, such as chemotherapy, surgery, radiotherapy,

and combinations of them all. [15].

SCLC represents about 10% to 15% of cases [12]. It is highly aggressive and has a

more accelerated development. Its classification usually has only two stages: limited stage

(confined to the lung) or extensive stage (spread to other areas). Although surgery is an

option, the most common treatments are radiotherapy and chemotherapy [16].

2.3 Computer-aided Lung Cancer System

A CAD system for lung cancer treatment can be divided into two main parts, the first

involves obtaining lung images through Computed Tomography (CT), and the second

involves image segmentation, with the latter having some subdivisions, an example of a

basic pipeline is show at Figure 2.3. More details are provided below.

2.3.1 Computed Tomography

Computed Tomography is a technique for producing cross-sectional images of a patient’s

body through the use of x-rays, developed by Sir Godfrey Hounsfield (Nobel Prize for
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FIGURE 2.3: Example of a basic CAD System Pipeline for lung cancer treatment

Medicine or Physiology in 1979, shared with the physicist Allan Cormack) at EMI research

laboratories at the end of the 1960s and early 1970s. The main concept is that by placing

the patient in a tubular gantry surrounded by a ring of X-ray sensitive detectors that,

when rotated, the X-Ray Beam comes into contact with the tissues and their different

densities. They are recorded by the sensitive detector and processed and transformed into

2D or 3D images that can be used to assess patient’s problem and to develop algorithms

in machine learning (ML) or deep learning (DP). [17]

FIGURE 2.4: CT Scan Basic Function. From [18].
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2.3.2 Image Segmentation

There are at least five categories of tasks performed using images derived from the CT

scan in machine learning or deep learning algorithms. Some works may include more

categories, remove, or modify the nomenclature, however for this work they will be de-

fined as show in Figure 2.3.

Lung segmentation is usually, the first task performed in a complete pipeline for eval-

uating lung images, this step aims to separate the pulmonary parenchyma from other

tissues and organs, like demonstrated in Figure 2.5. In other words, it visually isolates the

lungs from any other anatomic structures to increase accuracy in subsequent steps.

FIGURE 2.5: Lung nodule Segmentation types: a) before segmentation, b) after segmen-
tation. From [19]

Lung nodule detection is dedicated to identifying all nodules present in lung images

with the highest fidelity regarding their characteristics, sizes, and locations to facilitate a

complete understanding for subsequent stages. Despite the lung nodule detection step

attempting to do this in the best and most accurate way possible, there are still errors and

false positives that occur, something expected in the use of DL methods. For this, there is

the false positive reduction step that aims to remove incorrectly detected nodules.

An important step and the main subject of this work, nodule segmentation aims to

characterize the detected nodule on location, size and density. The classification is divided

into three types, that can be seen in Figure 2.6 : Solid nodules, which are the most common

and densest type; ground-glass opacity (GGO) or non-solid nodules, with a more opaque

and fuzzy appearance; and part-solid nodules, which represent a middle ground between

the first two [20].

Finally, lung nodule classification is the classification regarding the malignancy of the

nodule. This is crucial for effective and accurate medical treatments in patient diagnosis.
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FIGURE 2.6: Nodule Segmentation types: a) solid, b) part-solid, and c) non-solid or GGO.
From [21]

2.4 Deep Learning

The main goal of the proposed work is the employment of deep learning techniques in

the segmentation of lung nodules in CT images. Descriptions of deep learning, its main

architectures, and frameworks that will be used in the experiments will be provided here,

as well as a brief summary of the main of those used by other works listed in Chapter 3.

Being classified as a subset of artificial intelligence within machine learning, deep

learning is a set of algorithms that uses multiple layers in their neural networks, with

origins historically traced to the work of Walter Pitts and Warren McCulloch in 1943 [22],

followed by the first known work on deep networks by Ivakhnenko et al. in 1965 [23], un-

til reaching AlexNet, a more contemporary network model that gained fame in the early

2010s by winning the ImageNet competition [24], a object recognition challenge.

There can be numerous definitions of deep learning, as described by Zhang et al. [25].

However, broadly speaking, deep learning can be defined as a class of machine learning

algorithms that use multiple hierarchical layers for feature extraction and data represen-

tation.

There are various architectural forms of deep learning algorithms, with the following

being the main ones used in medical image works, especially those related to lung cancer

tasks. Although presented individually, many works use a combination of more than one

technique or variations of the same.

2.4.1 CNN

Convolutional Neural Network (CNN) or ConvNet [26] is a recognized and popular ar-

chitecture for tasks such as image classification and computer vision. It typically consists

of a combination of convolutional layers, activation functions, pooling layers, and fully

connected layers ( [27], [28]), as shown in the example in Figure 2.7.
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FIGURE 2.7: An example of CNN architecture for image classification. From [28]

A convolution layer is responsible for generating a feature map through the dot prod-

uct between two matrices: the kernel or filter and the matrix of the input image, as shown

in the example in the Figure 2.8.

FIGURE 2.8: An example of a 2D convolution operation. From [27]

The pooling layer’s main objective is to select and reduce the feature maps generated

in the convolutional layers using statistical techniques. This results in a reduction in the

quality of the original image but also reduces computational usage.

Finally, the fully connected layer has each neuron connected to all neurons in the pre-

vious layers, much like traditional neural networks, serving as the final part of the archi-

tecture and the classifier for the input object [28].

There is a wide variety of possible combinations and other techniques for constructing

CNNs, but the concepts previously presented are always represented in some form.

In medical image segmentation and its use for the detection of cancerous nodules, the

U-Net [29], as shown in Figure 2.9, is one of the most popular CNN architectures. Another

example is the ResNet [30], as well as variations of both.
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FIGURE 2.9: U-Net architecture where the blue box corresponds to a multi-channel fea-
ture map. The number of channels is denoted on top of the box. The x-y-size is provided
at the lower left edge of the box. White boxes represent copied feature maps. The arrows

denote the different operations. From [29]

2.4.2 Auto-encoder

Introduced initially by Rumelhart et al. [31], we can use the definition by Hinton et al.[32]

that an autoencoder (AE) has the main purpose of using a set of recognition weights to

convert a specific input into an internal code that will be later reconstructed into an out-

put using generative weights. In other words, given an input (encode), an intermediate

representation is generated, which will undergo an attempt at reconstruction (decode).

The structure of an AE is divided into an input block, a hidden layer, and an output

block, as seen in the Figure. 2.10

FIGURE 2.10: Example of basic auto-encoder architecture. From [33]

Similar to CNNs, autoencoders have some variations, such as denoising autoencoders

(DAE) [34], which can be used for error correction by introducing noise to the input, as

illustrated in Figure 2.11. Variational autoencoders (VAE) [35] make use of probability

distributions, among other types.
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FIGURE 2.11: An example x is corrupted to x̃. The auto-encoder then maps it to y and
attempts to reconstruct x. From [34]

2.4.3 GAN

Generative Adversarial Networks (GANs) were initially introduced by Goodfellow et

al. [36] in 2014. The framework consists of two neural networks that are trained simulta-

neously and in competition with each other. One network is responsible for the generative

part, while the other handles the discriminative part. In other words, one network tries

to produce results, and the other tries to evaluate the truthfulness of such productions

working in an adversarial manner.

FIGURE 2.12: Example of a simple GAN architecture

2.5 Datasets

For this work, the primary dataset that is going to be used will be the LIDC-IDRI, detailed

below along with the most commonly used datasets referenced across all works cited in

chapter 3. Details of use, filters and proportion of training, validation and test used on

the experimentation phase will be detailed at chapter 4. Below are summaries of the main

datasets from lung nodule works.

The Lung Image Database Consortium image collection (LIDC-IDRI) is the largest

and most common dataset used in lung cancer studies, it consists of diagnostic and lung

cancer CT scans with marked-up annotated lesions. It was first developed by the National

Cancer Institute (NCI) and later by the Foundation for the National Institutes of Health

(FNIH) and the Food and Drug Administration (FDA) with the collaboration of seven

academic centers and eight medical imaging companies. annotated by four experienced

professional radiologists, currently contains 244,527 images from 1010 patients[37].



14 DEEP LEARNING MODELS FOR THE AUTOMATIC SEGMENTATION OF LUNG NODULES

Created as a subset from LIDC-IDRI for the Lung Nodule Analysis 2016 Challenge [38],

from where it gets the name LUNA16, by the Grand Challenge Organization. The main

difference from LIDC-IDRI is that it had discarded slices with thickness greater than

3mm and scans with inconsistent slice spacing or missing slices, leading to a total of 888

scans [39].

The Automatic Nodule Detection 2009, ANODE09, is a dataset comprised of 55 anonymized

CT scans, of wich five scans are examples and the remaining are for testing. It was build

by the University Medical Center Utrecht based on the NederlandLeuvens Longkanker

Onderzoek (NELSON) study, the largest CT lung cancer screening trial in Europe [40].

Like the LUNA16, it was used on a Challenge by the Grand Challenge Organization in

2010 [41].

The Early Lung Cancer Action Project (ELCAP) was first released in December 2003

and consists of an image set of 50 low-dose documented whole-lung CT scans for detec-

tion. The CT scans were obtained in a single breath hold with a 1.25 mm slice thickness

with locations of nodules detected provided by radiologists( [42] and [43]).

The Lung Nodules with Soft Masks (LNSM) dataset is a dataset developed by Wang

et al. [44] where 1500 nodules are annotated with accurate Soft Masks for nodule seg-

mentation. This dataset is generated through an automatic processing pipeline using the

DeepLesion datasets as base. [45].

The Indian Lung Nodule Dataset (ILND) dataset was collected on an Indian Hospital

by Tyagi et. al [46], it contains around 200 CT scans and each one has between 50 to 700

slices with images of 512x512.

The Lung Nodule database was created for the 2019 LNDb grand challenge [47]. It

was a collaboration of the INESC TEC, the Hospital de São João (São João Hospital), the

Faculdade de Engenharia da Universidade do Porto (Faculty of Engineering of the Uni-

versity of Porto) and the Faculdade de Medicina da Universidade do Porto (Faculty of

Medicine of the University of Porto), all located in Portugal. It is a collection of 294 CT

scans from 2016 to 2018. More details can be seen on [48].

The Medical Decathlon data was created for a challenge on Medical Segmentation for

multiple organs, like brain, liver, lung and pancreas [49]. For this work, only the lung

section was considered, with a total of 96 CT scans from the Stanford University [50].

The table 2.1 has a summary of all the datasets presented.
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Dataset Year Total Scans
LIDC 2011 1018

LUNA16 2016 888
ANODE09 2009 55

ELCAP 2003 50
LNSM 2022 1500
ILND 2022 200
LNDb 2019 294

Medical Decathlon 2019 96

TABLE 2.1: Dataset Summary

2.6 Metrics

Below there is a short reference for the metrics used or referenced in this work and on the

related works as well:

Metric Description Formula
Recall (REC) Measures the proportion

of positives that are cor-
rectly identified

REC = TP
TP+FN

Precision (PREC) The proportions of posi-
tive results in statistics and
diagnostic tests that are
truly positive

PREC = TP
TP+FP

Accuracy (ACC) Classification accuracy of
the classifier

ACC = TP+FN
TP+FN+FP+TN

Dice Similarity Coefficient
(DSC)

A statistic used to gauge
the similarity of two sam-
ples

DSC = 2·TP
2·TP+FP+FN

Intersection over Union
(IoU)

Measures the similarity be-
tween the predicted area
and the real area of the ob-
jects in a set of images

IoU = TP
TP+FP+FN

Receiver Operating Char-
acteristic (ROC)

A curve depicting the rela-
tionship between sensitiv-
ity and specificity (Y-axis is
TP rate, X-axis is FP rate)

-

Free Receiver Operating
Characteristic (FROC)

Similar to the ROC curve,
differing only in the X-axis
(FP rate per image or per
scan)

-

Area Under Curve (AUC) Total area under the ROC
curve

-

TABLE 2.2: Metric Summary





Chapter 3

Related works

In this section, the main methods found in the literature review will be listed and briefly

explained. Initially, more than 35 models were selected and subsequently filtered based

on their scores and evaluation metrics, with DSC being the main factor due to being the

most common metric across all works and the one that best fits the evaluations used in

the experimentation phase in Chapter 5.

For the final comparative list, 15 works dated from 2017 to 2023 were considered. The

main reasons for excluding a method were a DSC score below 75%, as well as the lack of a

declaration of such a value or any other relevant indicator such as Jaccard, Sensitivity, or

PPV. For historical development reasons, other works are mentioned and referenced but

not used for the final result comparison.

3.1 Models

To build the clustering of papers, the main characteristic of each reported model was

considered, whether it be its primary architectural foundation, main operational core, or

the most relevant evolution it brought to segmentation related works. It is not uncommon

for models of one class to have elements of others; again, what defined the classification is

the main property presented by the model. There is no single possible definition of how

to categorize the numerous frameworks. For this work, a categorization will be adopted

based on the main architecture, those that are based on U-Net [29] and its variants, as

well as those with other architectures as their main structure. Therefore, the categories

are: U-Net Based and Non U-Net Based.

17
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3.1.1 U-Net Based

U-Net [29] can be considered one of the main architectures for medical segmentation

methods, especially regarding lung nodule segmentation. Many works use the defined

U-Net base with the Encoder and Decoder structure. For instance, in the work by Brun-

tha et al.[51], U-Net serving as the basis for their architecture, instead of the convolution

blocks in the encoders and decoders, the authors use two inverted residual blocks based

on the MobileNetV2 solution by Sandler et al.[52] to aid in reducing computational cost.

The bridge between the two parts of the network is a pyramidal attention network [53],

which extracts pixel-level attention data from the encoder through pyramidal pooling

with convolution layers featuring 7 × 7, 5 × 5, and 3 × 3 filters, as shown in Figure 3.1. The

solution achieved a performance of 95.7% on the LIDC.

FIGURE 3.1: Architecture of Lung PAYNet. From [51].

The EANet by Wang et. al [54] is an encoder-decoder network with five components:

feature encoder based on VGG-19 [55] for the lightweight nature and feature maps ex-

traction capability; dynamic scale-aware context (on the article refered as DSC, not to get

confused with the Dice Score Coefficient) wich is a module to capture the optimal scale

context information and identify the target; edge attention preservation (EAP) to handle

shape information on semantic boundaries and obtain edge information, feature decoder
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for the upsample part, and multi-level pairwise regression (MPR) to make inference of

regions and generate improved maps with high resolution.

With the use of the 3 novel blocks proposed, DSC, EAP and MPR, the Dice Score is

87.64% on the TN-SCUI dataset, and the MPR seens to be the part that more contributes

to improve the Dice Score, while it is not show the baseline network working with the

sole addition of it, it is available that adding MPR to the baseline network with only one

of the other blocks increase in 0.15% the score and with both 0.47%, while DSC and EAP

adds only 0.04% and 0.02% for the baseline, an example of this comparison can be seen

on the Figure 3.2. On the more related LUNA16 dataset, the Dice Score is 98.71%.

FIGURE 3.2: Segmentation example. (a) CT. (b) Baseline. (c) Baseline+DSC. (d) Base-
line+DSC+EAP. (e) Baseline+DSC+EAP+MPR. The red and green lines represent the seg-

mentation results and ground truth, respectively. From [54].

Using a U-Net as base, Chen et al. [56] developed and added to the network a Vision

Flash (ViF) attention mechanism module that incorporates the Gated Attention Unit [57]

and obtains global and local information to enhance the encoding. One important aspect

is that with this the authors were able to reduce the number of total parameters used in

the network, from 29 millions on a basic U-Net to 12 millions on ViFUNet, while still

achieving a DSC of 86.03% on LUNA16 with lower training speed. The ViF module can

be seen on Figure 3.3.

In 2019, Chen et. al [58] proposed a methodology with the following components: a

encoder-decoder achitecture (a basic block of 3×3 convolution layer, a BN layer with ReLu,

another 3×3 convolution layer and BN layer. A downsampling with 2×2 max-pooling op-

eration on encoder and bilinear interpolation on upsampling) with the additional step of
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FIGURE 3.3: ViFUnet architecture. From [56].

an Atrous Spatial Pyramid Pooling (ASPP) that is used to obtain multi-scale information

using four parallel atrous convolution layers, each with one sample rate so the module

can perform extraction at different scales and be combined before the decoder phase as

can be seen on Figure 3.4, the framework have a DSC of 90.56% in LIDC.

FIGURE 3.4: Proposed encoder-decoder with ASPP architecture. From [58].

Based on the U-Net++ [59], the Wavelet U-Net++ by Agnes et. al [60] brings the

Haar wavelet pooling as a way to get frequency information and detail in the ct scan

on the downsampling and upsampling of the network. This technique is used on the

encoder with the low-frequency component down-sampled using average pooling and

the high-frequency component down-sampled using max pooling, and on the decoder

block a inverse wavelet transformation followed by a de-pooling operation. By applying

this solution, the input image is splited in four segments, LL (Low-Low), LH (Low-High),

HL (High-Low) and HH (High-High) bands, as can be seen on Figure 3.5, wich breaks the
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image in multiple resolutions and helps on extractions and representations of different

features.

FIGURE 3.5: LL, LH, HL and HH bands example. From [60].

The overall network can be seen on Figure 3.6, with this solution a DSC of 83% was

achieved on LIDC.

FIGURE 3.6: Wavelet U-Net++ architecture. From [60].

Wang et. al [61] propose two novel concepts on the U-Net based model: the usage

of a Swin Transformer block for global feature extraction and a recalculation of weights

on the decoder by the channel attention module, calling the framework Convolution and

attention fusion for lung nodule segmentation (CA-UNet). The swin transformer mod-

ule are two successive blocks placed at the skip connection and has Layer-Norm (LN),

a multi-headed self-attentive module (first with window-based multi-head self-attention

(W-MSA) and later with shifted window-based multi-head self-attention (SW-MSA)), a

residual connection, and a 2-layer multilayer perceptron (MLP), as can be seen on 3.7.

The W-MSA limits the self-attention calculation to non-overlapping local windows and
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SW-MSA bridge the windows of the previous layer, providing a connection between the

two.

FIGURE 3.7: Two Swin Transformer blocks. From [61].

The Channel Attention aims to expand the feature extraction of the model by com-

pressing the input feature map, passing it to a sequence of average and max pooling

operations and obtaining a reweighted feature map. The block can be seen on Figure 3.8,

the complete architecture on Figure 3.9 and the DSC on LIDC is 89.86%.

FIGURE 3.8: CA-UNet Attention Module with Weight (W), Height (H) and Channel (C).
From [61].

FIGURE 3.9: CA-UNet architecture. From [61].

In Usman et al. [62], a solution is proposed to use the same network in three anatomical

planes: axial, sagittal, and coronal. The axial plane is involved in the first stage, while both

sagittal and coronal planes are processed simultaneously in the second stage. To achieve

this, the authors developed the dual-encoder-based hard attention network (DEHA-Net)

with an Adaptive Region of Interest (A-ROI) mechanism, which is an algorithm to esti-

mate the ROI for the next slices. The overall framework aims to adapt to various nodule

types, taking the CT Scan and an ROI Mask as inputs for the DEHA-Net. The structure
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includes two identical encoders, one for the CT Scans and the other for the ROI Mask,

connected through residual connections to a single decoder responsible for producing a

segmentation mask for the nth slice. An illustration of the DEHA-Net is presented in

Figure 3.10.

FIGURE 3.10: Architecture of DEHA-Net. From [62]

As previously mentioned, the complete framework has two stages: the first for the

axial view and the second for the coronal and sagittal views. To unify the different masks

generated by each DEHA-Net, a consensus mechanism is constructed, which is defined

by the equations 1 and 2:

Ei = thr(
k

∑
j=1

Sij, τ) (1)

thr(g, τ) =


1, if g ≥ τ

0, otherwise
(2)

Where Ei is the consensus value of the ith voxel, Sij represents the prediction of the

ith voxel from the jth model, and K denotes the number of models (3 in total for axial,

sagittal, and coronal). τ is the threshold that is determined on the validation set. The DSC

for this framework is 87.91% on LIDC and the overall architecture with both stages and

the consensus are show in Figure 3.11.

The Multi-level Dynamic Fusion Network (MDFN) of Cai et. al [63] is built based on

U-Net with 3 novel modules, multi-scale spatial and channel feature selection (MSCFS),

self-calibrated encoder and multi-level fusion decoder, as seen in Figure 3.12. First the

input image passes through the encoder denoted by Ei for the application of the attention

and deep feature mechanism, with each decoder passing by the MSCFS for deep feature

filtering, followed by a dual simultaneous decoding of the mask on MD that are later

combined to serve as the input for the final decoder D, with i ∈ (1..5).
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FIGURE 3.11: Full framework of DEHA-Net. From [62].

FIGURE 3.12: MDFN view. From [63].

The core MSCFS works by three stages, the first one responsible for multi-scale feature

generation, the second for spatial and texture attention maps and the third stage for the

integration, see Figure 3.13 for the module structure.The DSC on LUNA16 was 89.19%.

FIGURE 3.13: MSCFS structure. From [63].

The Dual-path lung nodule segmentation model based on boundary enhancement

and hybrid transformer (DPBET) by Wang et. al [64] works by aggregating two sub-

networks, one called global branch and the other edge branch. The global branch has an

encoder-decoder structure with the new Cascade-axial-prune transformer (CAP-Trans)
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block working as the bridge between the two phases, wich decomposes the 2D self-

attention into two 1D attentions along the height and width axis each passing by a multi-

head self-attention (MHSA) and generating the final spatial map. It is worth noting that

the two blocks work in cascade mode, with the height output working as input for the

width block. The local branch aims to solve blurred edges of lung nodules and generating

a more clean edge segmentation mask by using two Down-Attention Sample (DASample)

blocks and three decoder blocks, each DASample is composed of three parallel branches

that are combined into a CBAM module that captures target spatial information and avoid

edge detail. The main architecture can be seen on Figure 3.14 and the DSC on LIDC was

89.86%.

FIGURE 3.14: DPBET structure. From [64].

3.1.2 Non U-Net Based

Despite the popularity of the U-Net architecture, there are several examples of other ar-

chitectures used in segmentation works. As mentioned in Section 2.4.3, GANs are adver-

sarial networks composed of two parts, the generator and discriminator. Based on this

functioning, Tyagi et al. [46] in their CSE-GAN use the generator as a network to segment

the nodule and produce the segmentation mask image, while the second network is used

to classify these segmentations as true or false as seen in Figure 3.15.

Additionally, an essential part of their strategy lies in the component that gives the

architecture its name, concurrent squeeze & excitation (CSE) blocks, used in generation

to enhance segmentation. They are composed of two parts, the patial squeeze & channel

excitation module (sScE) and the channel squeeze & spatial excitation module (cSsE). The

sScE uses height (H), width (W), depth (D) and channel dimensions (C) of the image to

perform a squeeze operation along the spatial dimensions to obtain a channel descriptor



26 DEEP LEARNING MODELS FOR THE AUTOMATIC SEGMENTATION OF LUNG NODULES

FIGURE 3.15: CSE-GAN block diagram. From [46].

using global average pooling, and then an excitation operation along the channels using

a gate mechanism with the sigmoid function as seen in Figure 3.16.

FIGURE 3.16: sScE Module. From [46].

The cSsE is used to recalibrate features along the spatial dimension through a convolu-

tion operation that squeezes the channel dimension and then applies a sigmoid activation

function as seen in Figure 3.17.

The CSE block, wich adds both sScE and cSsE blocks, see Figure 3.18, is used on the

generative part on a U-Net based network after each convolution block on both encoder

and decoder. The sScE block is used in the discriminative part after each convolution

block in a network consisted of convolutional blocks and dense blocks. The achieved

DSC was 80.74% on LUNA16 dataset.

In Wang et. al [44], the authors presented the SoftGAN which is a GAN combined

with the Soft Mask technique that is developed as a means to improve the nodule seg-

mentation. The Soft Mask is an alternative to the usual binary mask used generally in the
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FIGURE 3.17: cSsE Module. From [46].

FIGURE 3.18: CSE Module. From [46].

segmentation process. Contrary to binary masks that have discrete values, Soft Masks are

able to contain continuous values, meaning that they can hold more and precise informa-

tion and detail, reducing imprecise boundary annotation.

To produce the Soft Mask, an automatic pipeline was built, where the first 3 strate-

gies are used to initialize trimaps for the lesion region, background region, and the un-

certain region. The first strategy is the generation of trimaps obtained through normal

binary masks, the second strategy is the generation of trimaps through markings made

by experts in datasets, and the third strategy is the generation of trimaps using RECIST,

Response Evaluation Criteria In Solid Tumours, that contain the lesion diameter. The sec-

ond stage of the pipeline consists of using the close-form-matting algorithm to generate

the Soft Masks, which is a technique in image processing to perform the matting of im-

ages, i.e., estimating the opacity or transparency of each image (more details in [65]).

Lastly, the image is binarized to obtain the final mask. The main steps can be seen in the

Figure 3.19.

With the Soft Mask the authors then produced the SoftGAN, that is an adversarial
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FIGURE 3.19: (a) Lung nodules with RECIST marks (b) Trimaps. Lesion region in white,
background region in black and un-certain region in gray. (c) Soft Masks. (d) Binarized

Soft Masks. From [44].

training framework, with the segmenter (generator network) consists of a U-Net back-

bone based altered to use CBAM [66] as the basic block and a Segmentation Head that

consists of a 3x3 convolution layer that generates the predicted soft mask and binary

mask. The discriminator is composed of 3 losses, the Segmentation Loss in the form of

DICE for the supervision of ground-truth binary masks, Soft Mask Loss to make the pre-

dicted soft mask has the same distribution as the ground-truth soft mask and GAN Loss

in the form of a pixel-wise discriminator that is a network with a sequence of 3x3 con-

volutional layers that aims to improve the quality of the predicted soft mask. The main

architecture can be see in the Figure 3.20. The DSC in the LIDC dataset was 83.21%.

FIGURE 3.20: Architecture of the SoftGAN with adversarial Segmenter and Discrimina-
tor. From [44].

In Cao et. al [67] there is an example of multiple networks executing simultaneously

with the Dual-Branch Residual Network (DB-ResNet) that aims to capture multi-view
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features from current, previous, and subsequent slices centered voxel. The first branch

gets multi-views of the current, previous and next slice and the second branch mult-scale

for current, both branches have a Central Intensity Pooling that calculates either the center

position or the surrounding intensity, that are concatenated at the end to generate the final

segmentation. Details can be seen on Figure 3.21 and the DSC on LIDC was 82.74%.

FIGURE 3.21: DB-ResNet overview with: (a) general architecture, (b) the convolution
block, and (c) the residual block. K, m and n are the channels. From [67].

Qin et. al [68] divided the proposed framework in two: the increase of the dataset

using a conditional generative adversarial network (cGAN) for synthetic image genera-

tion, that aims to solve the imbalance on LIDC dataset, and a 3D-CNN model for nodule

segmentation.

Since the features on LIDC are not enough for the synthetic generation, first semantic

labels are generated from the ground-truth labels, with the extraction and processing of

features, ten-channel (9 attributes labels plus the semantic label) images are produced and

used as the input of cGAN to generate the synthetic dataset, as seen in Figure 3.22. The

cGAN is composed of a U-Net based generator network with strided convolution layer to

downsample the image, followed by a batch normalization (BN) layer and a ReLU layer,

for the upsample path a transposed convolution a BN layer, ReLU layer, and dropout

layer are used. The cGAN discriminator is a FCN designed with, except in the first layer,

strided convolution layers followed by a BN and ReLU layer, as seen in Figure 3.23.

With the augmented dataset, the authors developed a 3D-CNN based on 3D U-Net

[69] with the introduction of texture maps so the network can differ the type of the current
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FIGURE 3.22: Semantic generation: (a) Real CT; (b) Semantic labels; (c) Images without
nine attributes. (d), (e), and (f) images with nine attributes and texture scores are 1, 3,

and 5, respectively. From [68].

FIGURE 3.23: Example the synthetic generation with (a) Input Labels; (b) CT Images; (c)
Images generated. From [68].

nodule. For this end it is used the Local Binary Pattern (LBP) [70] to represent different

nodules textures and edge maps that can give information about the limits of a given

nodule. For this it is applied two edge detection frameworks from Canny et. al [71] and

Sobel et. al [72].

The LBP, both edge maps and the CT Volumes are used as input for the four-channel

3D segmentation network that consists on the contraction part composed of three blocks

of residual units (in which are composed by two convolution layers, two BN layers,and

one ReLU layer) each followed by a max-pooling layer to reduce the dimension of the
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cube. On the the upsample part we can find two convolution layers, two BN layers,and

one ReLU layer concatenated with the corresponding shallow features via the skip con-

nection, tha is then used as input for the residual block. Finally, a post block is connected

to map the 64-channel feature cube to the size of 1 x 64 x 64 x 64. The DSC of this solution

is 84.83% in the LIDC dataset and the Figure 3.24 shows the main architecture.

FIGURE 3.24: Proposed Network architecture by Qin et al. From [68].

Khosravan et. al [73] presents a new approach for lung nodule segmentation with

the combination of the segmentation phase and false positive reduction (FPR) on the

same framework, achieving this by using a multi-task learning (MTL) over a general 3D

encoder-decoder network that allows to perform tasks simultaneously. The MTL is a 19

layer network with 14 layers used both by segmentation and FPR tasks, 2 by the end

exclusively by segmentation and 3 by FPR. With this solution the authors showed an im-

provement of 9% from 82% to 91% in DSC with the LUNA16. The Figure 3.25 shows the

general architecture.

FIGURE 3.25: The 3D deep MTL CNN architecture. From [73].

A end-to-end solution that performs multiple lung cancer image tasks, namely lung

nodule segmentation and classification, is also designed by Chen et. al [74] in this case us-

ing two sub-networks, Multi-Channel Segmentation Sub-network (MSN) and Joint Clas-

sification Sub-network (JCN) as show in Figure 3.26.
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FIGURE 3.26: End-to-end multi-task framework with MSN and JCN. From [74].

The first network is responsible for the lung nodule segmentation phase with U-Net on

the downsampling part and a multiple input combination using the original CT image,

an OTSU image generated by [75] and SLIC image generated by [76] as show on the

equation 3 where X is the final image used as model input and λ are the weights of each

channel.

X = λ1XORI + λ2XOTSU + λ3XSLIC (3)

The later part, JCN, uses the extracted features of the MSN layer to make the malig-

nancy prediction. The JCN is composed of four convolutional layers, one fully connected

layer, a connection to the bottleneck of the MSN and nine branches for different medical

features, each with two fully connected layers following Relu that are merged and give

the diagnosis prediction. For the loss, they developed a joint loss in the form of equation

4 where N represent malignancy prediction and seven medical features prediction tasks

Ldice, is the segmentation loss by Dice, Li
apl is the classification loss by binary cross-entropy

and Ldia is the L1 loss for the diameter regression. On LIDC the DSC for segmentation was

86.43%. For the malignancy prediction the DSC was 87.07%.

Ljoint = Ldice + ∑ Li
apl + Ldia (4)

3.2 Summary

The studies listed in this chapter were primarily selected based on their DSC score, and

other metrics used for analysis are listed in the summary below. Some general considera-

tions include:
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• Despite the existence of other frameworks, U-Net and its derivatives remain the

most widely used models as the main architecture;

• Some solutions are beginning to combine other tasks such as nodule classification

or nodule detection to enhance overall performance and unify steps;

• The use of transformers shows promise; however, further study and analysis are

still needed;

• With a few exceptions, LIDC is the main dataset for training and testing. While

reliable and having a larger amount of data compared to other available datasets,

there is a need to expand the training sets to encompass a greater variety of sources;

• Several models specialize in certain types of nodules, while others are more gener-

alist, so caution is required when analyzing the published results.

Below is the table summarizing the frameworks for lung nodule segmentation:

Authors Year Dataset DSC PREC REC IoU Crop Size
Bruntha et. al [51] 2022 LIDC 95.7% 96.75% 92.57 91.75% 64x64

Tyagi et. al [46] 2022 ILND,LUNA16 80.74% 80.56% 85.46% 72.52% 32x64x64
Wang et. al [44] 2022 LIDC,LNSM 83.21% 83.16% 89.14% - 256x256
Wang et. al [54] 2022 LIDC 87.64% - 88.94% 78.7% 96x96
Chen et. al [56] 2022 LUNA16 86.03% 87.65% 88.51% 78.19% 64x64
Chen et. al [58] 2019 LIDC 90.56% 91.35% 90.41% - -
Agnes et. al [60] 2023 LIDC 93.7% - - 87.8% 64x64

Cao et. al [67] 2019 LIDC 82.74% 79.64% 89.35% - 3x35x35
Wang et. al [61] 2023 LIDC 89.96% 89.07% 92.44% 82.42% -
Qin et. al [68] 2018 LIDC 84.83% 88.95% 85.11% - 10×64×64

Usman et. al [62] 2023 LIDC 87.91% 89.56% 90.84% - -
Khosravan et. al [73] 2018 LUNA16 91% - 98% - 6x40x40

Chen et. al [74] 2021 LIDC 86.43% - - 77.14% 96x96
Cai et. al [63] 2023 LUNA16 89.19% - 88.89% 80.78% 96x96

Wang et. al [64] 2022 LIDC 89.86% - 90.5% - 64x64

TABLE 3.1: Frameworks Summary





Chapter 4

Materials and Methods

In this chapter, a brief description of the materials and methods to be used in the ex-

periments to be conducted later will be provided. Below are details of the data used, as

well as a brief analysis of their condition and status. Finally, a summary of the methods

employed for the experiments conducted in the chapter 5 is presented.

4.1 Data

As mentioned earlier in Chapter 2, the primary dataset utilized in this work is the LIDC-

IDRI dataset. Since it is a publicly available dataset, with a Python library, pylidc [77],

that provides support and ease of handling, LIDC-IDRI is the most widely used among

all datasets related to lung cancer.

It was built through the collaboration of 7 academic centers and 8 medical imaging

companies, comprising a total of 1018 cases for 1010 patients, note that are 8 patients with

two scans each. In the section below is a summary of the characteristics of the LIDC-IDRI.

For experimentation and validation, this work also utilized the LNDb and Medical

Decathlon datasets. Details of usage are provided in chapter 5.

4.1.1 Data Analysis

The complete dataset contains a total of 7371 nodules marked by at least one specialist.

Since this work utilizes the pylidc library as a source of annotations and metadata, a total

of 6789 marked nodules are used, as the library fails to handle some markings. The Figure

4.1 illustrates the distribution of markings by radiologists, although it may appear that

there are nodules marked by more than 4 radiologists, such behavior is solely due to the

35
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storage format of certain annotations which causes the annotation count of the pylidc API

to be incorrect. This should not impact the use of the dataset and this group is considered

to be in the 4 annotations group.

FIGURE 4.1: Sum of Total Annotations by Number of Radiologist

An important aspect when dealing with LIDC-IDRI is understanding its nodule com-

position. Below, the total distributions of nodules and non-nodules are presented in

Figure 4.2, along with their malignancy levels ranging from Highly Unlikely for non-

cancerous to Highly Suspicious for cancerous in Figure 4.3.

Another attribute that is crucial for evaluating nodule segmentation’s is their texture.

The distribution can be observed in Figure 4.4.

A general distribution of nodule features is shown at Figure 4.5. Additional informa-

tion and characteristics can be analyzed through pylidc, and further details are available

in [78].
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FIGURE 4.2: Total number of nodules

FIGURE 4.3: Malignancy distribution
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FIGURE 4.4: Nodule texture distribution
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FIGURE 4.5: Nodules features distribution
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4.2 Pre-Processing

The main objective of the pre-processing step is to segment the lung from the other tissues

and organs present in each CT scan, as mentioned in section 2.3.2. This allows the net-

works to be better trained and isolate the area of interest, removing unnecessary anatom-

ical structures and image artifacts that could otherwise lead to incorrect training. In this

work, both 2D and 3D data were used. Although they share the same core process, a few

key differences exist, which are detailed in the sections below.

The first step is to input the original image into the segmentation process. In this work,

four different crops were used: 64x64, 96x96, 224x224, and 512x512. The use of different

crops serves the following purposes: 1) to compare with current works that typically use

64x64 and 96x96 crops; 2) to properly process models using the Swin Transformer, which

requires 224x224 crops; 3) to use the full image from the CT scan at 512x512 as this is the

main goal. The Figure 4.6 shows the original CT slice scan that is used as input on the

lung segmentation. The Figure 4.7 shows examples of the different crop sizes.

FIGURE 4.6: Original CT scan

The subsequent steps are as follows: Normalization, for standardizing the pixels in

the image; Filtering, for removing noise using median and anisotropic filters; Clustering

with K-Means to separate the Region of Interest (ROI) from the background; Mask gener-

ation, using morphological operations to remove distortions from the image and produce

the final mask; and finally, Lung segmentation, which applies the generated mask to the

original image to extract the lung. The code for the lung extraction is based mainly on

the code from [79] and [80]. More detailed explanation of each step can be seen on [81].
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FIGURE 4.7: Example of different crops with: (a) 512x512; (b) 224x224; (c) 96x96; (d) 64x64

The Figure 4.8 shows the step-by-step of the lung segmentation process and the Figure 4.9

shows an example of a segmentation mask for a nodule.

FIGURE 4.8: Steps of pre-processing the CT Scan

With the core lung segmentation function, 2D lung segmentation of the LIDC dataset

can be achieved. Using the pylidc library, the CT scans of each patient are loaded and un-

dergo a process that separates scans with nodule annotations from scans without nodule

annotations. For the nodules with annotations, a consensus mechanism on the annota-

tions is applied, aiming to select only slices with at least 50% consensus among specialists’

annotations. Afterward, the selected slices undergo the lung segmentation process, and a

set of images with masks and scans is saved for future use.
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FIGURE 4.9: Segmentation Mask Example: (a) Lung Scan; (b) Nodule Mask

Throughout the entire process, a file containing metadata of both nodules and non-

nodules is constructed and later used in creating training, validation, and test datasets.

Initially, in this study, the LIDC dataset is split into 6160 images for training, 1735 for

validation, and 2110 for testing.

In addition to the LIDC dataset, this work utilized the LNDb dataset and the Medical

Decathlon dataset. For each dataset, a simpler process was employed due to the lack of

consensus mechanisms. This process involves only the conversion of the original data

to numpy arrays, as well as lung extraction and mask generation. For the LNdb dataset

668 images were used for training, 166 for validation and 199 for testing. For the Medical

Decathlon, 967 images were used for training, 344 for validation and 346 for testing.

4.3 Deep Learning and Methodology

As seen in the review of related works in Chapter 3, the use of Deep Learning techniques

is the most common and promising approach for lung nodule segmentation. Within this

field, there are numerous possibilities and varieties of frameworks. For this work, simpli-

fied architectures based on U-Net were chosen.

The motivation for this choice lies in the fact that U-Net is the most commonly used

architecture and serves as the core for many current models, demonstrating its effective-

ness. Another reason is that it is more basic and simplified, which facilitates conducting

experiments and tests without major difficulties or necessary modifications. A few differ-

ent U-Net base models were used, more details on chapter 5.
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In addition to the U-Net, a test was conducted using the Swin Transformer to under-

stand the impact and feasibility of using transformer-based models in segmentation, a

more recent yet promising technology in various fields.

Unless otherwise specified in the testing sections, the models were standardized with

a learning rate of 1e − 4, which offers a good balance between performance and precision,

enabling good results without significantly impacting computational resource consump-

tion. Further details are described in the sections of Chapter 5.

The general approach for conducting the tests was first to establish a baseline under-

standing of how basic models perform in the segmentation task, in order to gain knowl-

edge and assess the possibilities. Subsequently, attempts and experiments were carried

out to determine which components or processes could improve the results of the stan-

dard models and which variant would provide the best combination to achieve a general

model.

At the end of the tests, a model is selected and evaluated using the previously pre-

sented datasets to assess its final performance, define the proposal of this work, and high-

light the challenges and limitations encountered.





Chapter 5

Experiments and Proposed

Framework

To construct a robust and dependable framework, a series of experiments and tests were

conducted. The following sections detail key findings, including insights into data aug-

mentation, transformer utilization, and attention mechanisms. All code is accessible in

the GitHub repository: https://github.com/vinibfr/lung nodule segmentation.

5.1 Initial Benchmark

In order to establish a baseline for future comparisons, four of the most common CNN

models were selected to work with the LIDC dataset. These models included U-Net

[29], U-Net++ [59], UT-Net [82] and Attention U-Net [83]. The implementations for

U-Net and U-Net++ were based on the code available in the GitHub repository by Jaeho

Kim [84], while the UT-Net implementation was sourced from the official repository by

Gao et. al [85], and the Attention U-Net implementation was obtained from the GitHub

repository of Lee Jun Hun [86].

All models underwent training for 80 epochs with a learning rate of 10−3, a batch size

of 20, and a basic data augmentation technique. The loss function used was a combination

of Binary Cross Entropy (BCE)( [87] and [88]) and Dice coefficient (DSC) [89]. The BCE

equation is defined below at 1, where N is the total number of samples, yi jk is the ground

truth for the i-th sample at jk pixel position and ŷi jk is the predicted probability for the

i-th sample at same position.

45
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BCE = − 1
N

N

∑
i=1

∑
j,k

[
yijk log(ŷijk) + (1 − yijk) log(1 − ŷijk)

]
[88] (1)

The DSC is defined at 2, where intersectioni is the y and ŷ intersection and α is a

operator to avoid division by zero with value 10−5.

DiceLoss = 1 − 1
N

N

∑
i=1

2 · (∑j,k yijkŷijk + α)

∑j,k yijki + ∑j,k ŷijk + α
(2)

The final loss is defined at 3, where β is a weighting factor for the BCE with value 0.5.

BCEDiceLoss = β ∗ BCE + DSC (3)

The metric used for evaluation is also DSC, as defined at 4, the only difference is the ŷ>ijk
that is the pixel-wise prediction after applying a 0.5 threshold. In this initial set of results,

the best performing model was U-Net++ with DSC of 53.4%. In table 5.1 is possible to

see the best validation dice of each model . The training and validation dice is shown at

Figure 5.1.

DiceMetric =
1
N

N

∑
i=1

2 · (∑j,k yijkŷ>ijk + α)

∑j,k yijki + ∑j,k ŷ>ijk + α
(4)

Model DSC
UT-Net 49.8%
U-Net 51.9%
Attention U-Net 52.3%
U-Net++ 53.4%

TABLE 5.1: Initial Benchmarks

FIGURE 5.1: Evolution of Dice over Epochs: (a) Training Dice; (b) Validation Dice
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This initial setting provided the basic parameters and baselines on which this work

will investigate and experiment. For an out-of-the-box solution, U-Net++ seems to be the

better model, but with the correct adjustments the results may vary.

5.2 Data Augmentation Comparison

When developing deep learning models, it is usually necessary to have a large volume

of data that not only provides a vast quantity but also a wide variety of data. This al-

lows the models to achieve good performance on specific tasks and also avoid over fitting

problems. Unfortunately, due to the sensitive nature of personal medical data, such char-

acteristics of quantity and variety are hardly achieved in available datasets. To overcome

this problem, the technique of data augmentation is applied, which consists of a series of

mechanisms that enable enlargements and alterations in the dataset to be employed [90].

In this work we conducted a comparison with 5 different augmentation techniques

and a total of 13 combinations, based on the work by Goceri [91]. The table 5.2 list the 5

techniques used, their description and usage detail. Figure 5.2 show an example of each

transformation techinique.

Technique Description Usage Detail
Shearing Slides along the vertical

or horizontal axis of the
image

Random angle from -15
to 15

Translation Translates (or shift) an
image along a particular
direction

Random value from -15
to 15

Rotation Apply a rotation degree
over the image

Random value from 0º
to 35º

Flipping Vertical or horizontal
mirroring of the image

-

Gaussian Noise Add intensity noise in
the pixels of the image
with a Gaussian distri-
bution

Intensity from 0.3 to 2

TABLE 5.2: Data Augmentation Techniques

All combinations were evaluated with U-Net++, besides the epoch number of 40 in-

stead 80, all parameters were the same as the mentioned in section 5.1. The list of combi-

nations and final DSC is detailed at table 5.3.
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FIGURE 5.2: Example of the data augmentations transformations: (a) Shearing; (b) Trans-
lation; (c) Rotation; (d) Vertical Flipping; (e) Gaussian Noise

Combination Technique(s) DSC
1 Shearing 56%
2 Translation 55%
3 Horizontal Flipping 52%
4 Rotation 53%
5 Vertical Flipping 49%
6 Shearing and Translation 56%
7 Horizontal Flipping and Rotation 53%
8 Horizontal Flipping, Rotation and Vertical Flipping 45%
9 Shearing, Translation, Horizontal Flipping and Ro-

tation
49%

10 Shearing, Translation, Vertical Flipping and Rota-
tion

49%

11 Gaussian Noise 35%
12 Gaussian Noise and Rotation 38%
13 Gaussian Noise, Rotation and Horizontal Flipping 33%

TABLE 5.3: Data Augmentation Combinations and Results
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Consonant with the work of Goceri, shearing and translation are the techniques with

best the results. When used alone they present DSC of 56% and 55% respectively, in com-

bination the DSC is 56%. The Figure 5.3 shows the training and validation dice evolution.

FIGURE 5.3: Evolution of Dice over Epochs for Augmentation Comparison: (a) Training
Dice; (b) Validation Dice

For this work, the augmentation technique used from now on is number 6 on table

5.3.This technique, compared to the basic U-Net++, demonstrated a 2.6% improvement

in DSC. It is worth noting that several of the techniques used had a negative impact on

the models’ performance, achieving DSCs below 40% in the techniques that use Gaussian

Noise, thus demonstrating the importance of choosing the correct technique to maximize

results rather than the opposite.

5.3 Data Selection Test

One of the most important aspects regarding the training of a neural network is the data

used and its proper selection. So far, a broad set of nodules from the LIDC has been used,

which contains all nodules with at least 50% consensus among the specialists who per-

formed the annotations. Tests were then conducted with U-Net and U-Net++ by filtering

only the nodules classified with malignancy ratings of 4 and 5 in the LIDC annotations,

namely, 4 being ‘Moderately Suspicious’ and 5 ‘Highly Suspicious’. In contrast, ratings of

1 to 3 are considered ’Highly Unlikely’, ’Moderately Unlikely’, and ’Indeterminate’.

It can be observed that by applying a new data filter, the models show a considerable

improvement, with the U-Net having an improvement of almost 7% and the U-Net++
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Model DSC Malignancy Scope Crop Size
U-Net 61.2% 1,2,3,4 and 5 512x512

U-Net++ 56% 1,2,3,4 and 5 512x512
U-Net 68.1% 4 and 5 512x512

U-Net++ 67.7% 4 and 5 512x512

TABLE 5.4: Results for Data Selection

of almost 12%. Nevertheless, it will be seen in the evaluation section 5.8 that the use of

filtered data negatively impacts the model’s ability to generalize its use. From now on,

when the data selection with all nodules appears, it will be referred to as ”complete,” and

the one with the filtered nodules will be referred to as ”filtered.”

5.4 Attention Mechanisms

As seen in Chapter 3, multiple solutions employ attention mechanisms to enhance the

performance of the network. The attention mechanism can be implemented at various

layers, such as the encoder path, bottleneck, skip connection, or decoder path. Next, a

series of studies with different mechanisms will be conducted to comprehend and pro-

vide insight on performance gains, downsides, and upsides in the utilization of attention

features. Two classes of tests were made, Bottleneck Attention and Skip Connection At-

tention.

This first test will investigate how attention mechanisms applied to the bottleneck

layer can impact the overall network. To this end, the U-Net will be used as it is simpler

than other networks and has fewer components, thereby minimizing potential experi-

mental variables. The network will undergo training for 80 epochs with a learning rate

of 10−4, a batch size of 20, and employing data augmentation technique 6 from Section

5.2, specifically the one involving shearing and translation. Additionally, tests will also be

conducted with different crop sizes on the images, specifically 64x64, 96x96, and 224x224.

This will allow for a broader basis of comparison with the works listed in the state-of-the-

art. For the cropped images, the only difference is the batch size used, which is 64 instead

of 20. With lower resolution, the batch size can be increased without compromising com-

putational resources.

In this work, 5 different attention blocks were tested, which are: the Atrous Spatial

Pyramid Pooling (ASPP) based on the work by Chen et. al [92] which is a block consisted

of multiple parallel filters with different rates (or strides) on standard convolution that
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aims to classify the center pixel of the input; Pyramidal Attention Block (PYB) based on

the work of Bruntha et. al [51] that uses a pyramidal pooling block with three convolu-

tional layers (7×7, 5×5 and 3×3) for spatial attention on the input; Squeeze-and-Excitation

Block (SEB) inspired on the work by Hu et. al [93] using a block that uses a squeeze op-

eration and a excitation operation that uses a self-gating mechanism to produce a feature

map with modulation weights; the Spatial Attention Module (SAM) from the work by

Guo et. al [94] which is a block that uses the input to generate a spatial attention map

from the input using a concatenation of average and max-pooling operations followed by

a convolutional layer, sigmoid activation and element-wise multiplication; finally, the last

block is the Vision Transformer (ViT) by Dosovitskiy et. al [95] that slices the original

image into multiple patches and passes each one of those patchs to a structure composed

of multiheaded self-attention (MSA) and multi-layer perceptron (MLP) that classifies the

patches.

The Figure 5.4 shows the basic U-Net layout with the addition of the attention block.

And the Figure 5.5 shows the diagram of all attention blocks used.

FIGURE 5.4: Basic U-Net with attention block

Tables 5.5, 5.6, 5.7 contains the results from the test of attention mechanism on bottle-

neck layer. In all tables, U-Net and U-Net++ are presented for comparison.

In the original image size, even though the results were close to each other, the use

of Spatial Attention techniques showed a clear advantage over the others, with improve-

ments ranging from 0.4% to 1.5% in DSC compared to other attention blocks and 10.3%

compared to the base U-Net. It is also worth highlighting SAM’s ease and transparency



52 DEEP LEARNING MODELS FOR THE AUTOMATIC SEGMENTATION OF LUNG NODULES

FIGURE 5.5: Attention Blocks Modules. (a) ASPP; (b) PYB; (c) SEB; (d) SAM; (e) ViT

Model DSC Batch Size Crop Data Split
ASPP U-Net 64% 20 512x512 All
PYB U-Net 62.6% 20 512x512 All
SEB U-Net 59.9% 20 512x512 All

SAM U-Net 62.3% 20 512x512 All
ViT U-Net 57.9% 20 512x512 All

U-Net 61.3% 20 512x512 All
U-Net++ 60.7% 20 512x512 All

ASPP U-Net 68.8% 20 512x512 Filtered
PYB U-Net 68.5% 20 512x512 Filtered
SEB U-Net 67.4% 20 512x512 Filtered

SAM U-Net 68.8% 20 512x512 Filtered
ViT U-Net 63.6% 20 512x512 Filtered

U-Net 68.1% 20 512x512 Filtered
U-Net++ 67.7% 20 512x512 Filtered

TABLE 5.5: Results for Attention Bottleneck for Crop Size 512x512
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Model DSC Batch Size Crop Data Split
ASPP U-Net 82.2% 64 96x96 All
PYB U-Net 82.8% 64 96x96 All
SEB U-Net 82.9% 64 96x96 All
SAM U-Net 82.8% 64 96x96 All
ViT U-Net 82.4% 64 96x96 All

U-Net 82.8% 64 96x96 All
U-Net++ 82.1% 64 96x96 All

ASPP U-Net 83.5% 64 96x96 Filtered
PYB U-Net 84.1% 64 96x96 Filtered
SEB U-Net 83.9% 64 96x96 Filtered

SAM U-Net 84.4% 64 96x96 Filtered
ViT U-Net 82.6% 64 96x96 Filtered

U-Net 83.9% 64 96x96 Filtered
U-Net++ 79.7% 64 96x96 Filtered

TABLE 5.6: Results for Attention Bottleneck for Crop Size 96x96

Model DSC Batch Size Crop Data Split
ASPP U-Net 83.2% 64 64x64 All
PYB U-Net 83.4% 64 64x64 All
SEB U-Net 83.4% 64 64x64 All
SAM U-Net 83.1% 64 64x64 All
ViT U-Net 82.8% 64 64x64 All

U-Net 83.7% 64 64x64 All
U-Net++ 82.7% 64 64x64 All

ASPP U-Net 83.1% 64 64x64 Filtered
PYB U-Net 83.7% 64 64x64 Filtered
SEB U-Net 83.7% 64 64x64 Filtered

SAM U-Net 83.5% 64 64x64 Filtered
ViT U-Net 82.9% 64 64x64 Filtered

U-Net 83.9% 64 64x64 Filtered
U-Net++ 82.5% 64 64x64 Filtered

TABLE 5.7: Results for Attention Bottleneck for Crop Size 64x64

of integration into architectures. Regarding the use of the two types of data selection, it

is noted that there is a general decrease in performance when all nodules are used. This

reduction is more easily observed in the full image (512x512) than in the cropped images

(64x64 and 96x96), this is likely due to the greater impact that the size and variety of the

nodules have on the training process compared to the size of the image.

Another common use of attention mechanisms occurs in skip connections, which are

used to facilitate the decoding process and reduce potential information loss. Employ-

ing attention mechanisms helps enhance the overall performance and adaptability of the

network. In this work, AttentionUNet [83] is used as the basis for the tests, along with
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R2AttentionUNet [96] and some variations of both utilizing the SAM introduced earlier

in this section.

Three variations were generated: SAMAttentionUNet, which replaces the attention

gate of AttentionUNet with SAM, as seen in Figure 5.6; MixAttentionUNet, which applies

SAM immediately after the standard attention gate, as shown in Figure 5.7; and finally,

R2AttentionUNetSAM, which also replaces the attention gate with SAM, as depicted in

Figure 5.8.

U-Net and U-Net++ are in the results table for comparison.

FIGURE 5.6: SAMAttentionUNet architecture

FIGURE 5.7: MixAttentionUNet architecture

The results of those experiments can be seen on tables 5.8, 5.9 and 5.10.
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FIGURE 5.8: R2AttentionUNetSAM architecture

Model DSC Crop Data Split
Mixed Attention U-Net 60.6% 512x512 All

Attention U-Net 60.3% 512x512 All
SAM Attention U-Net 61.4% 512x512 All

R2 Attention U-Net 44.1% 512x512 All
R2 Attention U-Net SAM 42.1% 512x512 All

U-Net 61.3% 512x512 All
U-Net++ 60.7% 512x512 All

Mixed Attention U-Net 67.3% 512x512 Filtered
Attention U-Net 66.7% 512x512 Filtered

SAM Attention U-Net 64.2% 512x512 Filtered
R2 Attention U-Net 52.8% 512x512 Filtered

R2 Attention U-Net SAM 58.4% 512x512 Filtered
U-Net 68.1% 512x512 Filtered

U-Net++ 67.7% 512x512 Filtered

TABLE 5.8: Results of Attention Mechanisms on Skip Connections for Crop Size 96x96

In the tests conducted using attention gates, no significant advantage was detected

compared to other models. Overall, the performance was similar to or inferior to that of

the basic U-Net. For models based on R2Attention U-Net, the difference is even more

pronounced, as they exhibited the lowest performance and have a high computational

cost, making them unsuitable for use in the context of this study.
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Model DSC Crop Data Split
Mixed Attention U-Net 82.3% 96x96 All

Attention U-Net 82.6% 96x96 All
SAM Attention U-Net 82.5% 96x96 All

R2 Attention U-Net 77.6% 96x96 All
R2 Attention U-Net SAM 76.0% 96x96 All

U-Net 82.8% 96x96 All
U-Net++ 82.1% 96x96 All

Mixed Attention U-Net 83.4% 96x96 Filtered
Attention U-Net 83.6% 96x96 Filtered

SAM Attention U-Net 82.4% 96x96 Filtered
R2 Attention U-Net 82.1% 96x96 Filtered

R2 Attention U-Net SAM 80.3% 96x96 Filtered
U-Net 83.9% 96x96 Filtered

U-Net++ 79.7% 96x96 Filtered

TABLE 5.9: Results of Attention Mechanisms on Skip Connections for Crop Size 96x96

Model DSC Crop Data Split
Mixed Attention U-Net 83.1% 64x64 All

Attention U-Net 83.0% 64x64 All
SAM Attention U-Net 82.7% 64x64 All

R2 Attention U-Net 77.8% 64x64 All
R2 Attention U-Net SAM 74.9% 64x64 All

U-Net 83.7% 64x64 All
U-Net++ 82.7% 64x64 All

Mixed Attention U-Net 84.2% 64x64 Filtered
Attention U-Net 83.6% 64x64 Filtered

SAM Attention U-Net 84% 64x64 Filtered
R2 Attention U-Net 81.7% 64x64 Filtered

R2 Attention U-Net SAM 80.7% 64x64 Filtered
U-Net 83.9% 64x64 Filtered

U-Net++ 82.5% 64x64 Filtered

TABLE 5.10: Results of Attention Mechanisms on Skip Connections for Crop Size 64x64

5.5 Transformer Test

Despite having been used before, with the ViT-Unet presented in Section 5.1, this work

also dedicated time to conduct studies using another vision transformer, the Swin Trans-

former [97], a component that has shown success in multiple applications of image seg-

mentation. For the tests, two versions of networks were used: Swin-UNet [98] and Swin-

UNetV2 [99], which incorporates the latest version of the vision transformer block. For

both, two tests were performed, one without a pre-trained base model and another with a

pre-trained model. The base code and pre-trained model were obtained from the official
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repository [100]. Table 5.11 details the results of each test. For comparison, U-Net, SAM

U-Net and U-Net++ were used to assess the performance.

Model DSC Pre-trained Crop Data Split
Swin-U-Net 84.9% Yes 224x224 All
Swin-U-Net 83.9% No 224x224 All
Swin-U-Net V2 84.6% Yes 224x224 All
Swin-U-Net V2 83.4% No 224x224 All
U-Net 82.1% No 224x224 All
SAM U-Net 82.7% No 224x224 All
U-Net++ 81.4% No 224x224 All
Swin-U-Net 81.3% Yes 224x224 Filtered
Swin-U-Net 77.8% No 224x224 Filtered
Swin-U-Net V2 79.2% Yes 224x224 Filtered
Swin-U-Net V2 76.2% No 224x224 Filtered
U-Net 83.3% No 224x224 Filtered
SAM U-Net 82.9% No 224x224 Filtered
U-Net++ 76.7% No 224x224 Filtered

TABLE 5.11: Results of Swin-UNet and Swin-UNet V2

As seen in Table 5.11, it is noticeable that the original version of the network achieves

better results than the second version, which was not initially expected. It is also notewor-

thy that in both networks, the use of pre-trained models improves the results by almost

3% in the filtered data split and around 1% on all data, demonstrating that the use of

pre-trained models in segmentation of different natures positively impacts lung nodule

segmentation tasks, at least for the Swin Transformer. A curious result was that on Fil-

tered data split, none of the models with Swin were able to achieve better performance

than the base U-Net or the SAM U-Net, being only better than the U-Net++. This high-

lights the importance of having a greater variance of training images for models using the

Swin Transformer, with a lesser impact on more traditional models.

5.6 Interactive Segmentation Test

Interactive Segmentation is an approach that involves using, in addition to the usual im-

age and mask, annotations indicating the location of the object of interest, such as the

annotator’s clicks on the mask, a small bounding box at the object’s central point, or even

indicative texts [101]. With the help of such annotations, models can learn where to focus

attention and thus achieve better performance and more precise results. Inspired by this
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capability and by some works from other areas ( [102] and [103]), this study conducted

experiments to validate the potential use in lung nodule segmentation.

For this purpose, artificial points simulating the annotator’s click in the areas of nodule

location were generated and added as a new channel to the numpy array. These anno-

tations were added to both the images and masks. Figure 5.9 exemplifies the addition of

five points in the central region.

An additional model was tested based on the Mix Attention U-Net, where the click

layer is used only in the attention gate and not throughout the entire training process, to

evaluate whether there would be any distinction between using the consolidated image

or separately. Tables 5.12, 5.13 and 5.14 contains the results of all the tests.

FIGURE 5.9: Point click annotation example. (a) Original ct slice;(b) Annotation

Model DSC Crop Data Split
U-Net 58.6% 512x512 All

U-Net++ 59.1% 512x512 All
SAM U-Net 59.3% 512x512 All

Attention U-Net 59.1% 512x512 All
Mix Attention U-Net 56.5% 512x512 All

Mix Attention U-Net Separated 55.6% 512x512 All
U-Net 62.6% 512x512 Filtered

U-Net++ 61.6% 512x512 Filtered
SAM U-Net 63.5% 512x512 Filtered

Attention U-Net 62.1% 512x512 Filtered
Mix Attention U-Net 61.5% 512x512 Filtered

Mix Attention U-Net Separated 62.1% 512x512 Filtered

TABLE 5.12: Results of Interactive Segmentation Tests for Crop Size 512x512
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Model DSC Crop Data Split
U-Net 85.2% 96x96 All

U-Net++ 84.8% 96x96 All
SAM U-Net 85.1% 96x96 All

Attention U-Net 85.1% 96x96 All
Mix Attention U-Net 85.2% 96x96 All

Mix Attention U-Net Separated 85.9% 96x96 All
U-Net 85.6% 96x96 Filtered

U-Net++ 83.8% 96x96 Filtered
SAM U-Net 85.5% 96x96 Filtered

Attention U-Net 85.3% 96x96 Filtered
Mix Attention U-Net 85.7% 96x96 Filtered

Mix Attention U-Net Separated 85.6% 96x96 Filtered

TABLE 5.13: Results of Interactive Segmentation Tests for Crop Size 96x96

Model DSC Crop Data Split
U-Net 85% 64x64 All

U-Net++ 84.2% 64x64 All
SAM U-Net 85.2% 64x64 All

Attention U-Net 84.6% 64x64 All
Mix Attention U-Net 84.7% 64x64 All

Mix Attention U-Net Separated 85.7% 64x64 All
U-Net 84.9% 64x64 Filtered

U-Net++ 83.9% 64x64 Filtered
SAM U-Net 85.2% 64x64 Filtered

Attention U-Net 85.1% 64x64 Filtered
Mix Attention U-Net 85.9% 64x64 Filtered

Mix Attention U-Net Separated 85.4% 64x64 Filtered

TABLE 5.14: Results of Interactive Segmentation Tests for Crop Size 64x64

In the experiments, none data augmentation were used, more details on section 5.7.
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5.7 Limitations and failed experiments

Unfortunately, not all ideas and experiments yield satisfactory results. Some fail, and

others are not feasible to execute. Here, a brief summary of some tests that were not

well-executed will be presented.

Firstly, there was an attempt to expand the scope of the work to include the use of 3D

datasets, as this format is widely used in the production of CT scans and can significantly

support medical work by providing more detailed insights into lung nodules. However,

when producing the 3D dataset, a unification of slices occurs, reducing the total number

of data points to be learned while considerably increasing the size of each object. In the

tests, a dataset of 4x512x512 was produced, resulting in a DSC of less than 30%. Due to

the time required, further tests were postponed for future works.

Another test that did not yield better results involved Interactive Segmentation. De-

spite achieving good results, it was not possible to apply an effective data augmentation

technique. When annotations were used together with data augmentation, the annota-

tions were distorted, worsening the model’s overall performance. Given the time con-

straints, there was no further investigation into a technique that could be effectively uti-

lized.

Regarding Interactive Segmentation, since the aim of the work is to provide a general-

use model that can be applied to various scenarios, using a model trained with Interac-

tive Segmentation in real-world applications becomes impractical because clicks would

not exist in the original scan. Thus, an attempt was made to evaluate the use of knowl-

edge transfer from a model trained with annotations to one that would not use them.

Unfortunately, the results were inferior to those of models trained directly on the original

images.

Lastly, it was not possible to obtain good results with Swin Transformers when us-

ing full 512x512 images. As these components are designed for 224x224, the adaptation

proved inadequate. Despite this, it remains a solution that needs to be further studied to

harness its potential for real-world applications.

5.8 Evaluations and Proposed Framework

In this section, the final evaluation results on the datasets used will be presented. The

evaluations are conducted on the LIDC datasets (with both data splits). Subsequently, the
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best model was selected based on the overall best performance.

5.8.1 Evaluations

In this section, the models previously presented are evaluated on the testing data as de-

scribed in the chapter 4. For this evaluations, the models selected were: ASPP U-Net, PYB

U-Net, SAM U-Net, Attention U-Net, SAM Attention U-Net, U-Net and U-Net++. They

were selected based on the overall performance so far on all crop sizes. While each model

was trained in both data split, for the evaluation only the ”All” split is used.

Model Train DSC Eval DSC Data Split in Training
U-Net 61.2% 58.7% All
U-Net 68.2% 47.9% Filtered

U-Net++ 60.7% 59.9% All
U-Net++ 67.7% 46.8% Filtered

SAM U-Net 62.3% 61.3% All
SAM U-Net 68.8% 50.6% Filtered
ASPP U-Net 64% 60.6% All
ASPP U-Net 68.8% 46.9% Filtered
PYB U-Net 62.6% 60.7% All
PYB U-Net 68.5% 47.4% Filtered

Attention U-Net 60.3% 57.4% All
Attention U-Net 66.7% 45.6% Filtered

SAM Attention U-Net 61.4% 58.3% All
SAM Attention U-Net 64.2% 54.2% Filtered

TABLE 5.15: Results of Final Evaluation for Crop Size 512x512 on LIDC

Model Train DSC Eval DSC Data Split in Training
U-Net 82.8% 83.8% All
U-Net 83.9% 79.5% Filtered

U-Net++ 82.1% 81.6% All
U-Net++ 79.7% 78.7% Filtered

SAM U-Net 82.8% 82.6% All
SAM U-Net 84.4% 78.1% Filtered
ASPP U-Net 82.2% 82% All
ASPP U-Net 83.5% 77% Filtered
PYB U-Net 82.8% 83% All
PYB U-Net 84.1% 78.8% Filtered

Attention U-Net 82.6% 82.7% All
Attention U-Net 83.6% 77.1% Filtered

SAM Attention U-Net 82.8% 81.7% All
SAM Attention U-Net 83.3% 77.7% Filtered

TABLE 5.16: Results of Final Evaluation for Crop Size 96x96 on LIDC
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Model Train DSC Eval DSC Data Split in Training
U-Net 83.7% 83.8% All
U-Net 83.9% 79.5% Filtered

U-Net++ 82.7% 82% All
U-Net++ 82.5% 78.8% Filtered

SAM U-Net 83.1% 82.9% All
SAM U-Net 83.5% 78.9% Filtered
ASPP U-Net 83.2% 83.4% All
ASPP U-Net 83.1% 77.1% Filtered
PYB U-Net 83.4% 83% All
PYB U-Net 83.7% 79.5% Filtered

Attention U-Net 83% 82.9% All
Attention U-Net 83.6% 78.2% Filtered

SAM Attention U-Net 83.1% 82% All
SAM Attention U-Net 83.5% 80% Filtered

TABLE 5.17: Results of Final Evaluation for Crop Size 64x64 on LIDC

5.8.2 Proposed Model

After all the evaluations, it can be noted the similarity and proximity among all the eval-

uated models. The difference between the models trained on the data split that only

includes cancerous nodules and the models trained with all types of nodules is also clear.

For the final model, this work chooses the SAM U-Net, given its overall stability during

the various tests and its ability to achieve the best performance in the target study object,

namely images with a total size of 512x512. As described in section 5.4, the model consists

of a basic U-Net with an added spatial attention block in the bottleneck.

Finally, the chosen model is evaluated against the Medical Decathlon and LNDb datasets,

presented in Section 4. Four training versions were created: one previously used with

LIDC, one exclusively using Medical Decathlon, one exclusively using LNDb, and one

combining all three datasets. This approach allows for evaluating the differences and ca-

pabilities of each dataset. All versions were tested on all datasets. In Figure 5.10, a set of

evaluations and predictions is depicted.

As can be seen in Table 5.18, the best-performing model is the one trained with the

combination of the three datasets. Despite having lower performance during training, the

combination of datasets provided greater generalization capability, making this model

superior to all others in the four evaluations. Is evident how a smaller dataset, such as

LNDb and Medical Decathlon, negatively impacts the model’s training and usability. The

limited variety of the LNDb dataset prevent the proper training of models when trained

solely on this data, resulting in low performance.
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Model Train DSC Eval DSC Dataset in training Dataset in Evaluation
SAM U-Net 62.3% 61.3% LIDC LIDC
SAM U-Net 62.3% 48.6% LIDC LNDb
SAM U-Net 62.3% 0% LIDC Medical Decathlon
SAM U-Net 62.3% 53.5% LIDC Combined
SAM U-Net 0.06% 0.6% LNDb LIDC
SAM U-Net 0.06% 22.1% LNDb LNDb
SAM U-Net 0.06% 0.1% LNDb Medical Decathlon
SAM U-Net 0.06% 0.7% LNDb Combined
SAM U-Net 43% 0% Medical Decathlon LIDC
SAM U-Net 43% 0% Medical Decathlon LNDb
SAM U-Net 43% 50% Medical Decathlon Medical Decathlon
SAM U-Net 43% 0.4% Medical Decathlon Combined
SAM U-Net 60.8% 61.4% Combined LIDC
SAM U-Net 60.8% 55.1% Combined LNDb
SAM U-Net 60.8% 56.3% Combined Medical Decathlon
SAM U-Net 60.8% 60.6% Combined Combined

TABLE 5.18: Results of Proposed Model Evaluation

FIGURE 5.10: Evaluations Predictions Example





Chapter 6

Conclusions

Lung cancer is a major health issue due to its difficult and often late diagnosis, making

the disease highly lethal and challenging to treat. Therefore, it is essential that efforts are

directed towards improving all stages of treatment, facilitating the detection and correct

segmentation of nodules by healthcare professionals, and consequently increasing the

chances that the disease will not be fatal.

To contribute to this effort against lung cancer, this work focused its research on seg-

mentation methods using neural networks. An extensive review of the state-of-the-art

was conducted, which enabled the evaluation of numerous techniques and different ideas

on how to approach the problem, as well as understanding the current limitations and the

overall state of the technology.

After the initial data collection, a series of experiments and ideas were tested. The

best data augmentation technique was identified, using translation and shearing on the

training images, which resulted in a 7% increase in DSC compared to a U-Net model

without any technique. Techniques that negatively impact the model’s performance were

also identified, with Gaussian noise reducing the DSC by up to 15%, thus demonstrating

the importance of choosing appropriate techniques to expand the dataset to be used.

In addition to effective data augmentation techniques, two different methods of data

split were tested: one containing only cancerous nodules and the other including all types

of nodules. Although the first method performed better in numerous tests, it was found

that the model’s ability to generalize was lower than those models trained with the entire

range of nodules. The latter models were much more stable and consistent in all results.

The experiments then focused on attention mechanisms, first in the bottleneck of neu-

ral networks and later with attention gates in the skip connections. Despite being close

65
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in efficiency to standard models, it was possible to identify models with potential for use,

especially methods utilizing spatial attention. Another test involved transformers, a more

recent technique for nodule segmentation but with proven high capability in other areas.

The results for 224x224 images were satisfactory, with DSC reaching up to 84%, but it was

not possible to use higher resolution images.

A final test was conducted to examine the behavior and impact of Interactive Segmen-

tation. The main idea was to train the models with an extra channel containing artificial

clicks on the CT Scan, simulating the behavior of a specialist, and use those clicks as

guides for the model’s learning. Unfortunately, this approach did not prove to be effec-

tive, yielding worse results than the models without Interactive Segmentation A transfer

knowledge from the interactive model to standard models were also unsuccessful.

The final proposed model, SAM U-Net, showed stable results for all crop sizes across

different tests. For the main focus of the study, 512x512 images, the final performance was

61.4% on the LIDC. For the 64x64 and 96x96 crops, the performances, respectively, were

82.9% and 82.6%, values that are comparable to those obtained by other state-of-the-art

works. Additionally, the final model was trained with a combination of the LIDC, LNDb,

and Medical Decathlon datasets, thus achieving greater generalization and usability.

Finally, despite the results not reaching a high level of performance in the target image

size, valuable insights and a knowledge base have been generated, allowing future studies

to benefit from the tests and results provided here.
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