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Deep Learning in Mammography

Reducing annotation effort for breast mass segmentation

Fanny De Bueger, Marie Decroës

Abstract
Breast cancer is the most common cancer among women worldwide and its incidence
is likely to increase in the coming years. The breast mass is one of the most distinctive
signs for the diagnosis of this cancer. As this is largely influenced by the shape and
margins of the breast mass, its segmentation can be of great help for the diagnosis.
Although the introduction of early screening has greatly reduced the mortality
rate of these cancers, it has led to problems of overdiagnosis and a high rate of
false-positives. To avoid these potential errors, computer-aided diagnosis using
deep learning networks has been introduced as a tool to assist senologists in the
diagnosis process. Unfortunately, a major obstacle to achieving high performance
with deep learning models is the lack of annotated data. To address this issue,
different approaches have been developed, of which two were explored in this master
thesis: self-supervised learning and active learning. This work focuses on the task of
breast mass segmentation on the publicly available CBIS-DDSM dataset.
The first approach, self-supervised learning, aims at extracting useful information
from unlabelled data, allowing the pretrained model to be fine-tuned with less labelled
data. It was investigated in two stages, using two different datasets.
To begin with, different ImageNet self-supervised pretrained models (i.e. SimCLR,
MoCo and Barlow Twins) were used in order to compare their performance with a
classical supervised pretraining. For this, their pretrained weights were transferred
to U-net, having a ResNet as encoder. It was shown that no self-supervised learning
approach outperformed the supervised pretrained model.
After which, given the low significance of the results obtained, the repetition of the
experiment with a MoCo self-supervised pretraining was conducted on a medical
image dataset, CheXpert. This did not yield significant results either. However,
when this model was then trained on subdivisions of the dataset, it seemed to give
slightly better results than the ImageNet supervised pretrained model.
The second approach, active learning, aims at requesting specific annotations to
achieve better performance. Based on that, various selection metrics were investigated
to determine the appropriate images to annotate for model training, for subsequent
application to an active learning model. The selection metric showing the best
performance evaluates the agreement of the models, by calculating the IoU between
all possible pairs of predictions. The ensemble approach was then applied with this
selection metric to compare its performance with a random selection.
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Chapter 1

Introduction

Cancer has unfortunately become an increasingly common disease in recent years,
worldwide. It has even been recognised as the first leading cause of death in a large
number of countries. Over the past few years, the incidence of cancer worldwide has
continued to rise, partly due to population ageing and growth, and partly due to the
socio-economic development of some countries [1]. The reference in cancer statistics
is the GLOBOCAN dataset, providing global statistics and estimates of incidence
and mortality in 185 countries for 36 types of cancer [1]. According to this dataset,
in 2020, there would have been 19.3 million new cases detected and 10 million deaths
from cancer.

Worldwide in 2020, 2.26 million new cases of breast cancer were diagnosed, represent-
ing 11.7% of all cancers. It is the most common cancer, now surpassing lung cancer
(11.4%). However, the distribution is not uniform, with some regions of the world
being more affected than others, such as Australia, Europa (North, West, South)
and North America [1]. Furthermore, according to the World Health Organisation
[2], breast cancer will increase from 2.26 million new cases in 2020 to 3.19 million in
2040, indicating an upward trend in the incidence by 41% in the next 20 years.

According to the estimations of the American Cancer Society [3] in the United States,
it can be said that approximately 1 in 8 women will be diagnosed with breast cancer
during their lives and 1 in 39 women will die from it. Fortunately, it is a type of
cancer relatively well treated, with a survival rate of more than 90% five years after
diagnosis [3], compared with only 11% for pancreatic cancer in the US, for example
[4].

Regarding the Belgian situation, according to the Belgian cancer registry [5], one
man in three and one woman in four will suffer from cancer before the age of 75. As
shown in Figure 1.1, the most frequent cancers differ according to sex. For men, the
three most common cancers are prostate, lung, and colorectal cancers. For women,
breast, colorectal and lung cancers come first. Breast cancer is therefore by far the
most common cancer in women, accounting for about one in three cancers in women.
In addition, as in the United States, 1 in 8 women in Belgium will be diagnosed with
breast cancer during their lifetime [6].
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Chapter 1. Introduction

Figure 1.1: The 10 most common tumours by sex in Belgium (2019). Source: Belgian
Cancer Registry [5].

Every year, almost 11,000 new cases of breast cancer are detected in Belgium.
The highest incidence rate is in the age group between 45 and 80 years (50% of
cancers between 50 and 70 and 30% of cancers after 70 years) [7]. This is why
screening is particularly important and recommended from a certain age (around 40).
Unfortunately, Belgium has the sad record of being the country in Europe and even
in the world most affected by breast cancer with more than 110 cases for 100,000
inhabitants in 2012 (see Figure 1.2). However, it has been shown that, in Belgium,
the number of breast cancers has remained stable over the years since 2002 [7].

Figure 1.2: Incidence of breast cancer in women, 2012. Source: OECD-ilibrary [8].
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Chapter 1. Introduction

It has been studied that 5-10% of breast cancers are hereditary (family history or
genetic mutations (e.g. BRCA1, BRCA2)). However, all other diagnosed cases do
not fall into this category and seem to be more related to the environment and
lifestyle. Indeed, developed countries have a higher incidence of breast cancer due
to higher risk factors (e.g. hormone intake, fewer children, obesity, lack of physical
activity, better screening programs,...) [9].

Given all these statistics, it goes without saying that breast cancer is a heavy burden
in the medical field and that its study is more than topical. In this chapter, several
basic concepts will be given, such as breast anatomy, abnormalities and different
types of breast cancer as well as breast cancer screening tests and the BI-RADS
classification tool. Finally, the role of computer-aided diagnosis will be explained.

1.1 Breast anatomy
The biological function of the female breast is to produce milk to feed the newborn
baby [10]. Each breast stands on a large muscle called the pectoral muscle and covers
a large part of the chest. The breast is composed of three different tissues: glandular,
fatty and connective or fibrous tissue (Figure 1.3) [11].

First, included in the glandular tissue, the breast lobes are composed of lobules,
organized like bunches of grapes, which are responsible for the production of milk,
as well as ducts which transport the milk from the lobules to the nipple. The latter
is located at the centre of the areola. Second, as part of the connective tissue, the
ligaments extend from the skin to the thorax to maintain the structure and provide
support to the breast. Third, the fatty tissue is made of fat that fills in the empty
spaces between the glandular and connective/fibrous tissue. This will also widely
influence the breast size [11].

Figure 1.3: Breast anatomy. Source: Memorial Sloan Kettering Cancer Center [11].
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Chapter 1. Introduction

The breast is also traversed by lymphatic and blood vessels. The lymph nodes are
mainly located in the armpit, under the collarbone and inside the chest as shown in
Figure 1.3. They contribute to the defence and elimination of waste products from
the human body [10].

Breast cancers start mostly in the lobules or the ducts. Then, they propagate to
the rest of the breast and outwards via the lymphatic and blood vessels [12]. The
density also plays a role in cancer detection. In fact, when breasts have a majority of
glandular and fibrous tissue, they are called "dense breasts" and this has an impact
on mammography detection. Indeed, both the tumour and the dense breast appear
white on mammograms, which makes it more difficult for the senologist to detect
the abnormality. Additional examinations such as MRI or ultrasound are therefore
sometimes necessary to make sure that no cancer is missed [11]. This difficulty is
represented in Figure 1.4 where the tumours are indicated by arrows. The density
increases from left to right and it can be easily observed that the detection of cancer
on the fatty breast on the left is easier than on the dense breast on the right.

Figure 1.4: Various breast density. Source: Dense Breast-info [13].

1.2 Breast abnormalities and breast cancer type
Different breast abnormalities can be observed by the senologist, namely calcifications,
masses, asymmetries or architectural distortion [14]:

• Calcifications are small deposits of calcium in the breast tissue characterized
as macro or microcalcifications. On the one hand, macrocalcifications are large
calcium spots usually benign and associated with ageing. On the other hand,
microcalcifications are tiny specks of calcium that may be more suspicious and
require more attention.

• A mass is an abnormal area that does not resemble the adjacent breast tissue.
A mass may indicate cancer, but it may also be non-cancerous, such as cysts.

• Asymmetries in the distribution of fibroglandular tissue between the two
breasts are of no concern when they are small but can be a sign of cancer when
the asymmetries are larger [15].
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• Architectural distortion can be detected when part of the breast tissue
appears distorted and no mass is spotted. This can be due to an error of
positioning during screening or to a scar from a previous surgery, or it can be
due to cancer [14, 15].

As mass abnormalities will be the focus of this master thesis, further explanation will
be given on the criteria for detection of malignant masses, namely shape, margins,
density and combination with other abnormalities.

Shape and margins of breast masses can be useful to classify them between benign
and malignant. On the one hand, as shown in Figure 1.5, shape can be described
as round, oval, lobular or irregular. Benign masses are usually round or oval and
an irregular shape often suggests a higher likelihood of cancer. On the other hand,
margins can be defined as circumscribed, microlobulated, obscured (partially covered
by neighbouring tissue), indistinct (ill-defined) or spiculated (lines radiating from
the mass). In general, masses with irregular shapes as well as indistinct or spiculated
margins have a higher suspicion of cancer. Nevertheless, exceptions exist with some
malignant masses having round shapes and circumscribed margins for example [15].

Figure 1.5: Different possible shapes and margins of breast lesions. Source: LW
Bassett and K Conner IV [15].

Another sign of malignancy can be the density of the mass, characterised as low,
intermediate or high, relative to other adjacent normal breast tissue. Benign masses
tend to have a lower density than malignant masses. However, the density does not
always seem to be reliable [15]. In addition, the detection of a mass combined with
other different abnormalities, such as micro or macro calcifications, skin retraction,
skin thickening, architectural distortion, etc., can also be a sign of malignancy [16].

Among all these morphological characteristics to detect a malignant mass, the
criterion related to the margins is the most discriminating [16]. Consequently,
segmenting a breast mass and thus having its size and margins can help in diagnosis.

5
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Regarding breast cancer types, they are mainly defined by the kind of cells that
become cancerous. Generally speaking, there are two main types of breast cancer:
ductal carcinoma, which starts from the milk ducts, and lobular carcinoma, which
begins in the lobules. Each of these cancer types can be either in situ, a pre-cancer
that has not yet propagated to the neighbouring tissue, or invasive when cancer has
spread to the rest of the breast tissue. When cancer has expanded to the rest of the
body, it is called metastasis. The most common cancer is invasive ductal carcinoma,
which accounts for 70-80% of breast cancer cases [12, 17].

1.3 Breast cancer screening tests
There are different imaging techniques for breast cancer screening, namely mam-
mography, digital breast tomosynthesis (DBT), ultrasound or Magnetic resonance
imaging (MRI) [18]. They all share the same goal: to detect cancer at an early
stage so that it can be treated and cured quickly. Indeed, the earlier the cancer is
found, the greater the chances of successful treatment and thus of survival. Hela
et al. [19] state that early detection facilitates treatment and reduces mortality by
25%. Regular screening is therefore essential, especially in cases where there is a
significant family history or risk factors. If a screening test is suspicious, further
examinations (diagnostic tests), such as an additional screening or biopsy, are carried
out to confirm or refute the cancer [14].
Although early detection has been shown to reduce mortality from breast cancer, its
impact is complicated to calculate. Early screening allows tumours to be detected
earlier before they become larger and more complicated to treat, but unfortunately,
it also leads to the problem of overdiagnosis [20]. Indeed, some cancers are detected
when they would not have specifically required treatment. In other words, these
cancers would probably have remained asymptomatic throughout the woman’s life
and this overdiagnosis can therefore lead to a fairly heavy, even toxic treatment,
which will not bring any benefit to the patient in this case.

Mammography, introduced in the 1980s, is the best known and most widely used
screening test. A low dose of X-rays passes through the breast to reconstruct an
image. Mammograms can detect tumours that are too small to be felt. However,
this method may not be sensitive enough for dense breasts, as both tumours and
dense breast tissues appear white [14]. In such cases, further investigations are often
recommended. From the age of 40, every woman should have an annual mammogram
and even younger if there are aggravating factors [18].
As shown in Figure 1.6, the mammogram starts by placing the breast between the
two compression plates to limit the X-rays on the rest of the body. Then, the breast is
compressed and X-rays are passed through it and are detected by the X-ray detector
to form the breast image, the mammography. For each breast, two different views
are captured: a top-down view called bilateral craniocaudal (CC) and an angled
lateral view called mediolateral oblique (MLO).
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Figure 1.6: Mammogram procedure. Source: Chegg [21].

DBT, also known as 3D mammography, provides computer reconstructed 3D breast
images using X-rays. This approach has been approved and is already used in
various medical institutions. In addition, early studies have shown good results in
dense breasts and accuracy of detection. However, many studies are still needed to
understand the benefits compared to traditional 2D mammography [22].

Ultrasound is another screening imaging technique that is not part of the usual
screening routine but rather is used for additional examinations to further verify
abnormalities observed on the mammography. It is a non-invasive technique as it
uses sound waves and their echoes to analyse specific areas more precisely. It can
be particularly useful for dense breasts, or to distinguish between fluid-filled masses
(non-cancerous) and solid masses (more likely to be cancerous), or to direct a needle
biopsy. Moreover, it is a rather accessible and cheap method [22].

With MRI, women are not exposed to radiation but to magnetic fields. This technique
is mainly used as a complementary examination to mammography or ultrasound.
Indeed, MRI scans can spot abnormalities that a mammogram can not, but it often
leads to false-positive results. It is therefore mainly dedicated to high-risk women
to avoid diagnostic tests (biopsies, surgeries) and the high anxiety associated with
these [22].

1.4 BI-RADS: Breast Imaging Reporting And
Data System

Published by the American College of Radiology in 1993, Breast Imaging Reporting
And Data System (BI-RADS) is an efficient and cost-effective classification tool
used by radiologists during breast cancer screening examinations (mammography,
ultrasound or MRI) [23].
As shown in Table 1.1, BI-RADS classifies breast abnormalities into 7 different
categories ranging from zero risk to very high risk of cancer. Depending on the
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category chosen, different actions can be taken, namely, perform additional screening,
continue routine screening, proceed with short term follow-up to determine stability
or not, carry out a biopsy, etc.

Category Description Likelihood of cancer Recommendations
0 Inconclusive n/a Recall for additional

screening
1 Normal 0% Routine screening
2 Benign finding 0% Routine screening
3 Probably benign finding > 0% but ≤ 2% Short term follow-up

(6 months)
4 Abnormality requiring a > 2% to < 95%

biopsy
4A Low suspicion > 2% to ≤ 10% Biopsy
4B Moderate suspicion > 10% to ≤ 50%
4C High suspicion > 50% to < 95%
5 Highly suspected cancer ≥ 95% Biopsy
6 Biopsy-proven malignancy 100% Surgical procedure

Table 1.1: BI-RADS classification according to ACR BI-RADS® Atlas [24].

This system also allows breasts to be classified according to their density as shown
in Table 1.2. This can be useful because, as explained previously, cancer detection in
denser breasts is more difficult (Figure 1.4). Beyond the classification into different
categories, BI-RADS also provides a structured reporting template so that every
breast abnormality is described (shape, margins, density, location,...) and classified
in the same way [23].

Category Description % of glandular tissues
A Almost entirely fatty breast < 25%
B Scattered areas of fibroglandular density 25% to 50%
C Heterogeneously dense breast 51% to 75%
D Highly dense breast > 75%

Table 1.2: Breast density according to ACR BI-RADS® Atlas [24].

From a more general point of view, this approach was introduced to avoid the
large variations between the radiologist’s reports and is therefore really useful for
standardisation and uniformity. With BI-RADS, different physicians, as well as
medical facilities, can understand the annotations, and the communication is more
succinct and unambiguous. To sum up, BI-RADS has pioneered the standardisation
of radiology reports and has provided an efficient and cost-effective approach that
will most certainly continue to be used in the future [23].
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1.5 Computer-aided diagnosis
Although breast cancer screening techniques are quite good developed and widely
used, mammograms remain difficult images to interpret depending on several factors
such as the image quality and expertise level. Indeed, the use of breast screening
techniques has some notable drawbacks, such as differences in cost and quality of
interpretation depending on the level of expertise of the radiologist (junior or senior),
overdiagnosis leading to overtreatment, high false-positive rates leading to a higher
incidence of unnecessary biopsies resulting in wasted time and money, and, most
importantly, the psychological consequences of anxiety arising from a false-positive
test or wrong reassurance from a false-negative result [25, 26].

In order to avoid these potential errors of diagnosis, a double reading would be an
efficient solution to decrease the number of false-negative cases. However, in practice,
double reading is not feasible due to a lack of manpower [25] and the additional cost
imposed on the patient [27]. Computer-Aided Diagnosis (CAD) technology, which
is a tool assisting physicians in the diagnosis and decision-making process, can be
an affordable alternative solution to this by acting as a second reader and trying
to improve the accuracy of interpretation of mammographic lesions. Indeed, CAD
encourages radiologists to re-examine areas considered suspicious [25]. Moreover,
Ciatto et al. [28] have demonstrated that the performance of CAD is comparable
to that of a conventional double reading process. It has also been shown that CAD
errors are different from those of humans, highlighting their complementary roles
and thus leading to higher overall accuracy [29]. Although CAD has shown good
performance as a double-reader, in reality, the absolute decision still remains with
the radiologist [27].

CAD tools, using deep learning networks, have demonstrated great potential to
reduce diagnostic errors and enhance the accuracy and decision making of radiologists,
although many challenges remain. Advances and developments in deep learning will
therefore undoubtedly influence future CAD algorithms, enabling CAD to provide
intelligent and reliable aids to improve health care [26, 29].

Many promising techniques based on deep learning have already been developed and
even widely used in clinics in the USA. Moreover, the first CAD system approved by
the Food and Drug Administration was designed for screening mammography [29],
and to date, the largest number of CAD algorithms can be found in this application
[30]. This is therefore an active and growing field of research that has much to offer
in the coming years.

1.6 Contribution of this master thesis
The interest of this master thesis is twofold: on the one hand, the study of different
approaches to self-supervised learning in the context of breast mass segmentation and,
on the other hand, the application of active learning to breast mass segmentation.
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(1) Different self-supervised learning approaches for mass segmentation
are investigated: Four different experiments were conducted to study the impact of
self-supervised learning compared to supervised learning. Although the results show
no improvement over a supervised pretrained model on a mammography dataset, self-
supervised learning appears to obtain slightly better performance with subdivisions
of the dataset.

(2) The potential application of active learning and the search for an
appropriate selection metric are explored: Various unlabelled data selection
metrics are studied to select judicious data for annotation for semantic breast mass
segmentation tasks. Then the ensemble-based active learning strategy is applied to
a mammography dataset.

1.7 Structure of this master thesis
This master thesis is organised into six different chapters. Chapter 2 describes
convolutional neural networks and the segmentation network used. Chapter 3
considers the general concept of self-supervised learning, aiming at extracting useful
information from unlabelled data, as well as the various commonly used approaches
based on it. Chapter 4 presents the different results related to self-supervised learning
models developed in the previous chapter. Also with the view of reducing the data
labelling effort, Chapter 5 provides an overview of the basic concepts of active
learning as well as a more detailed focus on the ensemble technique. Then, the results
obtained associated with the study of an unlabelled data selection metric and its
application to active learning are discussed. Finally, Chapter 6 provides a discussion
of the limitations and points of improvement for this master thesis followed by some
suggestions for future work.

1.8 Summary of Chapter 1
Breast cancer is the most common cancer in the world and its incidence is likely to
increase in the coming years. Although a lot of research has already been conducted,
it still remains a heavy burden on society. The introduction of large-scale screening
tests, in many countries, has resulted in a significant reduction in breast cancer
mortality, but it has also led to problems of overdiagnosis and high false-positives
rates giving rise to unnecessary psychological consequences due to anxiety. In order
to overcome these potential errors, computer-aided diagnosis has been introduced as
a tool to assist senologists in the diagnosis and decision-making process by acting as
a second reader. Although they still face some challenges, they have much to offer in
the years to come. In this work, segmentation of breast masses was chosen as a task
because of its potential to help in diagnosis. Specifically, the malignancy of breast
masses is largely influenced by their shape and margins advocating the importance
of segmenting them.
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Breast mass segmentation

In the medical field, deep learning can be of great help to physicians in several tasks
such as classification, detection and segmentation. This latter has been chosen in this
master thesis for its many advantages like feature extraction and treatment planning.
It can also be complementary and beneficial for the other two tasks: detection and
classification [31]. Furthermore, as explained in Subsections 1.3 and 1.5, since an
early diagnosis of breast cancer gives a person a better chance of survival, and since
mass segmentation can facilitate diagnosis, segmentation has a role to play in the
fight against breast cancer.

In this chapter, a definition of the different image processing tasks will first be given.
Then, the basic concepts of convolutional neural networks will be explained, followed
by the segmentation network used in this master thesis, U-net. Afterwards, the
performance measures commonly used in semantic segmentation will be described. Fi-
nally, some state-of-the-art segmentation models applied to breast mass segmentation
will be presented.

2.1 Image processing tasks
Three different image processing tasks can be distinguished: classification, detection
and segmentation.

Image classification consists of making a prediction for a complete input, i.e. pre-
dicting which class of object is in an image or even a list of classes of objects if there
are several [32, 33].

Object detection or localisation combines classification to determine which classes
of objects are in the image and localisation to specify where they are in the image
using bounding boxes [33], as shown in Figure 2.1(b).

Segmentation is an image processing technique which classifies each pixel of an image
into one or more classes [34]. There are two types of segmentation:

• Semantic Segmentation is applied when each pixel is labelled with the class of
its enclosing object in the segmented image [32, 34], as in Figure 2.1(c).
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• Instance Segmentation can be defined as a combination of object detection and
semantic segmentation, by labelling differently each instance of the same class
[33] as shown in Figure 2.1(d). Unlike semantic segmentation, this gives an
indication of how many objects with the same label are present in the image
[34].

Figure 2.1: Image processing tasks. Source: Alberto Garcia-Garcia et al. [32].

In this work, it was decided to focus on semantic segmentation given its numerous
applications in the medical field. Indeed, the segmentation of medical images can
help in the study of anatomical structure [35, 36] as well as in the localisation of the
region of interest (tumour, lesion and other abnormalities) [35, 37].

Even more beneficial to this master thesis, segmentation allows for patient-specific
surgical planning [38]. This enables the surgeon to be better prepared and therefore
avoid some possible complications during the procedure. Moreover, having the
segmentation of the tissue or pathology of interest helps to quantify its volume [35,
39]. Treatment planning is also an application of medical image segmentation. For
instance, in the case of radiotherapy treatment, based on the segmentation of the
tumour, physicians are able to pinpoint the exact location of the tumour and also
calculate precisely the dose of radiation required for successful treatment [35, 40].
Finally, segmentation can also help in the diagnosis [41, 42]. As previously explained
in Subsection 1.5, the shape and margins of a breast mass can inform the doctor
about its malignancy for example.
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2.2 U-net
A semantic segmentation problem can be solved by a Fully Convolutional Network
(FCN) such as FCN-8s model [43], SegNet model [44], Dilated-Net model [45] or
U-net [46]. The latter will be presented because of its extensive use for medical image
segmentation. In addition, there is a wide range of variants that are all based on
the original U-net architecture and applied to various applications on a multitude of
image modalities [47]. Before understanding the architecture of U-net, it is essential
to understand how a Convolutional Neural Network (CNN) works.

2.2.1 Convolutional Neural Networks
A CNN typically has three different layers (or building blocks): a convolutional layer,
a pooling layer, and a fully connected layer. The common architecture of a CNN
is a succession of stacks of several convolution layers and a pooling layer to extract
some features from the input, finally followed by one or more fully connected layers
to combine the previously extracted features [48].

Convolutional layer

A convolution layer is a fundamental component of the CNN architecture that
performs feature extraction [48]. Two inputs are needed for a convolutional operation:
the input tensor (an RGB image for instance) and a set of k kernels. Each kernel
is of size [s × s × i ] where s is an odd number, usually equal to 3, 5 or 7, and i is
the number of input channels. In fact, as in Figure 2.2, an element-wise product
between the kernel and the input tensor is calculated in each sub-region delimited
by the kernel size and then summed to obtain the output tensor. This operation is
repeated with the different kernels which can be considered as the different features
extractors. Other parameters are necessary to perform convolutions like the stride
which determines by how many pixels the kernel will be moved before performing a
new convolution.

Figure 2.2: Example of convolution operation with a kernel of size 3x3 and a stride
of 1. Source: Rikiya Yamashita et al. [48].
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Pooling layer

The main purpose of a pooling layer is to gradually reduce the dimensionality of the
representation and the computational complexity of the model [49]. In the image
processing domain, it can be considered as similar to the resolution reduction [50].

One of the most common types of pooling layers is max-pooling as represented in
Figure 2.3. The idea behind max-pooling is to take the maximum value within the
sub-region delimited by the filter size. In Figure 2.3, the different sub-regions can be
observed with the four different colours. Another pooling layer often used in CNNs
is the average pooling. As the name suggests, instead of taking the maximum value,
the average of the pixels within the pooling region is calculated.

Figure 2.3: Example of max-pooling operation with a kernel of size 2x2 and a stride
of 2. Source: Saad Albawi, Tareq Abed Mohammed, and Saad Al-Zawi [50].

Max-pooling will tend to highlight elements with a lot of intensity by taking only
the element with the highest magnitude in the pooling region and ignoring darker
elements. Average pooling, on the other hand, takes into account the darkest pixels
but will tend to reduce the contrast between pixels. A wise choice of pooling layers
therefore depends largely on the input image and the task at hand [51].

Fully connected layer

Present at the end of the network, the fully connected layer simply represents a
matrix multiplication.

As it can be observed in Figure 2.4, each node in the layer preceding the fully
connected layer is directly connected to all nodes of the next layer [50]. In practice,
once the features extracted by the convolution layers and downsampled by the pooling
layers are created, the subset of fully connected layers can map it to the final outputs
of the network. In classification tasks, this map represents the probabilities for each
class. The final fully connected layer of the network typically has a number of output
nodes equal to the number of classes [48].
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Figure 2.4: Representation of a fully connected layer. Source: Alex Kost [52].

2.2.2 ResNet
Many advances in image classification have been made thanks to deep neural networks
like AlexNet [53] or VGGNet [54]. Nevertheless, the depth and thus the number
of layers that are stacked in each network can be problematic. Indeed, when the
network is deep, the problem of vanishing/exploding gradients can arise and hamper
the convergence of the model [55]. In practice, as the gradient is backpropagated to
the previous layers, this repeated process over a large depth can make the gradient
extremely small or, conversely, extremely large.

Fortunately, this problem has been largely solved by installing normalised initialisation
and intermediate normalisation layers. However, another issue has also arisen: the
degradation problem. As the depth of the network increases, the accuracy can
become saturated and can degrade rapidly.

The solution proposed by Kaiming et al. [55] is to introduce a deep residual
learning framework in the convolutional neural network that gave rise to the ResNet
architecture. In practice, shortcut connections (or skip connections) are added to
the network which enables the training of some layers to be skipped. This permits
that if a layer is impacting the performance of the architecture, it will be skipped
by regularisation. As the gradient can better propagate to the first layers through
these shortcuts, the whole model is easier to train. Finally, as the shortcuts are used
as identity mappings, they do not increase the computational complexity nor the
number of parameters.

Figure 2.5: Original ResNet18 architecture. Source: Farheen Ramzan et al. [56].
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The architecture of ResNet18 can be observed in Figure 2.5. The name of this
network is simply derived from the number of layers it contains. Several other
deeper residual networks are also known such as ResNet34, ResNet50, ResNet101
and Resnet152.

Since the implementation of ResNet, several other models have been developed such
as DenseNet [57], where shortcuts no longer only connect one layer to the next,
but to all subsequent layers, and EfficientNet [58], which proposes a new method
that uniformly scales all dimensions of depth, width and resolution in deep neural
networks. Another recent approach replaces the layers most commonly used in
encoding and decoding with multi-headed self-attention. Indeed, Vaswani et al.
[59] propose the Transformer, a sequence transduction model entirely based on
attention. Although often used in the field of natural language processing, some
studies on transformer-based solutions in the medical field have appeared as in [60]
and [61]. However, despite the new and probably promising advances in terms of CNN,
ResNet remains the gold-standard architecture in numerous scientific publications
[62], allowing generalisable comparisons between studies. It is also easier to train
than more complex networks like EfficientNet and Transformer. ResNet will therefore
be used throughout this work.

2.2.3 U-net Architecture
The U-net architecture proposed by Ronneberger et al. [46] was originally invented
and used for biomedical image segmentation. It can be described as an encoder
network, the contracting path, followed by a decoder network, the expansive path.
The "U-shape" architecture formed by the symmetry between the contracting and
the expansive paths, as shown in Figure 2.6, gave the name U-net to this FCN.

Figure 2.6: U-net architecture (example for 32x32 pixels in the lowest resolution).
Source: Olaf Ronneberger, Philipp Fischer, and Thomas Brox [46].
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As an encoder, a pretrained classification network like ResNet is usually used. Indeed,
as it can be observed in the left part of Figure 2.6, to encode the input image and
obtain feature representations at different levels, convolution blocks are applied,
followed by max-pooling for downsampling.

In the other part, the main purpose of the decoder, present in the right part of
Figure 2.6, is to semantically project onto the pixel space the discriminative features
learnt at different stages of the encoder. Intuitively, it allows to restore a condensed
feature map to the original size of the input image. To achieve such a result, it is
necessary to upsample it to obtain the same size as the corresponding concatenation
blocks from the left (the encoder).

To do this, skip connections, represented by the grey arrows in Figure 2.6, are used
to connect the outputs at the different stages of the encoder with the layers in the
decoder. This concept is essential to limit the loss of localisation information related
to the encoding, and consequently lead to faster model convergence [47].

2.2.4 Performance measures in semantic segmentation
In the case of semantic segmentation, different evaluation metrics exist. An intro-
duction to the confusion matrix will first be presented to better understand the
subsequent definitions of the most commonly used metrics. These metrics are accu-
racy, intersection over union as well as dice coefficient [63] and will be explained in
this section.

Confusion matrix

As represented in Table 2.1, a confusion matrix is a common tool for measuring the
performance of a model. On the one hand, true and false positives, abbreviated as TP
and FP, refer to all correctly and incorrectly predicted positive elements respectively.
On the other hand, true and false negatives, abbreviated as TN and FN, refer to all
correctly and incorrectly predicted negative elements respectively [64]. In the case of
this master thesis, the positive samples are considered to be part of the segmented
mass, while the negative samples are considered to be part of the background.

Predicted class
Positive Negative

Positive True Positive (TP) False Negative (FN)True class Negative False Positive (FP) True Negative (TN)

Table 2.1: Confusion matrix.

Based on these four elements (TP, FP, FN, TN), different types of metrics can be
computed to measure the performance of a model in a segmentation task.
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Accuracy, sensitivity and specificity

Accuracy is the ratio of correctly classified elements to all possible elements. It
therefore gives the percentage of correctly classified pixels [65].

Accuracy = TP + TN

TP + TN + FP + FN
(2.1)

Mean accuracy can also be calculated by taking the average of the global accuracy
for each class [63]. This, therefore, results in the sum of accuracy for each class
divided by the total number of classes.

Sensitivity, also called recall or true positive rate, is the ratio of correctly classified
positive elements to all possible positive elements. Sensitivity measures the ability
of the model to successfully segment all lesions [65].

Sensitivity = TP

TP + FN
(2.2)

Specificity, also called true negative rate, is the ratio of correctly classified negative
elements to all possible negative elements. Specificity measures the ability of the
model to avoid segmenting non-lesions [65].

Specificity = TN

FP + TN
(2.3)

However, the accuracy metric has limitations, such as the problem of class imbalance.
This situation occurs when one class is predominantly present compared to the others.
This can lead to a misleadingly high accuracy while the segmentation is not accurate,
because it is biased by the most frequent class [66]. This type of problem also occurs
in this master thesis because the background area is much larger than that of the
breast mass. Thus, very good accuracy with very poor segmentation of the mass can
be obtained.

This class imbalance issue can be solved by the balanced accuracy, by taking the
average of the sum of sensitivity and specificity [67]. This metric is algebraically
equivalent to accuracy when the model performs equally well in each class.

Balanced Accuracy = Sensitivity + Specificity

2 = 1
2

( TP
TP+FN

+ TN
FP+TN

)
(2.4)

Intersection over Union

Intersection over Union (IoU), also called the Jaccard index, is a very common
metric in semantic segmentation tasks to measure the performance of the model. As
Equation 2.5 shows, the IoU is the ratio of the overlap of the predicted segmented
image and the ground truth mask divided by the union between these two [68].

IoU(A, B) = Area of overlap
Area of union = |A ∩ B|

|A ∪ B|
= TP

TP + FN + FP
(2.5)
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This metric ranges from 0, referring to zero overlap, to 1, referring to perfect
prediction. Therefore, the higher the IoU, the better the prediction.

Other variants of IoU exist such as the mean IoU, the frequency weighted IoU and
the boundary IoU [63]. First, the mean IoU metric is the average of the IoUs of all
classes. Second, the frequency weighted IoU metric weights the IoUs of all classes
according to their occurrence frequencies (with the pixel number of each class). Third,
the boundary IoU metric puts the focus on the quality of segmentation boundaries.
Therefore, the metric only takes the boundary pixels into account in the evaluation.

Dice coefficient

Dice coefficient, also called the F1-score, is also a metric used in semantic segmentation
tasks. As shown in Equation 2.6, it is defined by the ratio of the overlap of the
predicted segmented image and the ground truth mask, divided by the sum of the
two surfaces (number of pixels in the ground truth and in the predicted segmented
image) [68].

F1(A, B) = 2 · |A ∩ B|
|A| + |B|

= 2 · TP

2 · TP + FP + FN
(2.6)

This metric ranges from 0 to 1, reaching a perfect prediction when it is equal to 1.

Comparison IoU and dice coefficient

The IoU and the dice coefficient are very similar metrics to compute the performance of
a model in semantic segmentation [69]. Indeed, they are always positively correlated,
which means that if, for example, IoU1 is larger than IoU2, F11 will always be larger
than F12.

However, there are still some small differences. Although they are both mathe-
matically related and have equal values at the extremes (0 or 1), IoU tends to
penalise quantitatively more severely single instances misclassifications than F1 [70],
as Equation 2.7 shows.

F1 = 2 · IoU

IoU + 1 therefore F1
2 ≤ IoU ≤ F1 (2.7)

It can therefore be said that the dice score tends to evaluate average performance,
while the IoU score is more intended to measure worst-case performance.

2.3 Breast mass segmentation: state-of-the-art
Epimack et al. [31] suggest separating the commonly used segmentation approaches
for mammogram segmentation into three different parts: classical segmentation,
machine learning segmentation and deep learning segmentation methods. Deep
learning segmentation methods can also be seen as a subset of the machine learning
segmentation methods. However, only the latter group will be discussed in more
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detail below. The following is a non-exhaustive list of the latest interesting advances
in deep learning breast mass segmentation.

Dalmış et al. [71] proposed a comparison between two methods for segmenting
breast and fibroglandular tissue. The first method attempts to segment breast and
fibroglandular tissue consecutively. A first U-net attempts to segment the breast, and
from this segmentation, the fibroglandular tissue is segmented using a second U-net.
The second method also uses a U-net but this time it will simultaneously segment
the MRI images into three classes: breast, fibroglandular tissue and background.
Although the model that focuses only on breast segmentation performs better
than the simultaneous segmentation, the latter ultimately achieves better results
for fibroglandular tissue segmentation. Indeed, in the former method, if the first
breast segmentation is not optimal, the second U-net model for fibroglandular tissue
segmentation will not perform well.

A modified U-net was proposed by Abdelhafiz et al. [72] to directly segment breast
abnormalities. These modifications include the addition of batch normalisation layers
[73], dropout layers [74], and an increase in convolution layers. These adaptations
would allow the network to better understand the lesion segmentation task.

Li et al. [75] also adjusted the architecture of U-net to try to adapt it to the specific
characteristics of breast masses. Indeed, masses have very different sizes and shapes
and are very small compared to the background. They therefore added an attention
mechanism [76] and dense connections [57] to the traditional U-net. The attention
mechanism is inserted in the decoder part of the network. In practice, this mechanism
suppresses feature activations that are not related to the mass segmentation (the
current task) in order to find the most critical information for that task. In order
for the network to make the best use of the extracted features, dense connections
are used throughout the network, so that each layer is connected to all other layers.
In this architecture, as introduced in Subsection 2.2.2, each layer receives inputs
from all previous layers and sends its feature maps to all layers that follow. The
combination of these two improvements would result in better performance than
either of them separately.

In 2018, Zhu et al. [77] proposed an adversarial deep structured net for mass
segmentation from mammograms. This end-to-end network is an FCN followed by
a conditional random field, a model to perform structured learning well suited for
image segmentation. The purpose of this conditional random field is to take into
account the context and therefore to model the predictions in order to identify the
dependencies between them. An adversarial training is added to this network, aiming
at reducing the problem of overfitting due to the small size of the available datasets
and thus making the network more robust.

The same year, Al-Antari et al. [78] decided to bring detection, segmentation and
classification together in one framework by proposing a fully integrated CAD system.
Combining these three tasks in the same framework can improve performance
compared to performing each task separately. The mass detection part of the
mammogram is covered by the deep regional approach You-Only-Look-Once [79]
(YOLO). YOLO is a deep learning model capable of detecting and generating
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potential bounding boxes around breast masses. Then, the mass is segmented by
a Full resolution Convolutional Network (FrCN). Like a conventional FCN, the
FrCN consists of an encoder and a decoder network. However, the max-pooling and
subsampling layers are removed from the encoder, to avoid loss of information about
the full spatial resolution of the original input. Finally, the classification of the mass
between benign and malignant is done using a deep CNN. In [78], it is concluded that
the performance of the breast mass classification task is improved when combining
segmentation and detection in the CAD system rather, than starting from detection
only.

Min et al. [80] also proposed a CAD but only with simultaneous detection and
segmentation. This method is based on pseudocolour mammograms (PCM) and the
general framework Mask RCNN [81] for object detection and segmentation. Firstly,
the original mammogram is transformed into a PCM and therefore now consists of
three channels. The first channel is filled with the greyscale mammogram. In the
other two channels, there are two images generated by the multi-scale morphological
screen [82]. The purpose of this screen is to extract mass-like patterns. In this
work, if a mass is relatively small, it will have more intensity in the second channel.
Conversely, if a mass is relatively large, it will have more intensity in the third
channel. Finally, when combining the three channels, the mass patterns can be
enhanced by adding a colour contrast between the mass and the background. This
would make it easier for the pretrained Mask RCNN to segment and detect the
masses.

Bhatti et al. [83] proposed a modified version of the Mask RCNN. Called Mask
RCNN-FPN, this architecture is embedded with a Feature Pyramid Network. This
latter replaces the feature extractor of the Mask RCNN, and its purpose is to
extract low-level features and generate multi-scale feature maps with better quality
information.

2.4 Summary of Chapter 2
Semantic segmentation has numerous applications in the medical field, i.e. study of
anatomical structure, localisation of the region of interest, patient-specific surgical
and treatment planning, and help in diagnosis.
In order to perform breast mass segmentation, U-net, a well-known and widely used
segmentation network is chosen. U-net is an FCN, composed of an encoder, forming
the contracting path, and a decoder, forming the expansive path. Throughout the
network, skip connections are used to avoid the loss of localisation information.
A great deal of work has been conducted in the area of deep learning in breast mass
segmentation and much research remains to be carried out to address the current
challenges.
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Self-supervised learning

While supervised learning typically only uses data for which a label is provided,
self-supervised learning is a method for extracting useful information from unlabelled
data. This offers promising new perspectives for training deep learning models.

In this chapter, a definition of each learning task will first be provided, followed by a
more detailed focus on different approaches of contrastive self-supervised learning. For
each, a description will be given and a comparison between them will be undertaken.
Finally, a few state-of-the-art self-supervised models applied to medical imaging will
be presented.

3.1 Learning tasks: self-supervised learning
In machine learning algorithms, two main learning tasks can be distinguished:
supervised and unsupervised learning. Two other categories, self-supervised and
semi-supervised learning, can be cited as being a subset and/or combination of the
two main learning tasks.

Supervised learning

Supervised learning is the most dominant approach in Machine Learning and is used
in a large variety of applications [84]. The algorithm is trained using annotated data,
meaning that the training dataset provides input/output pairs [85]. In practice, the
objective of the model learning phase is to infer a function that maps the input
to the predicted output based on the desired task. In supervised learning, as the
input/output pairs are given, feedback can be given along the way to improve the
learning of this inferred function. Supervised learning has shown good results in a
lot of tasks like classification and regression [84, 85].

Unsupervised learning

Unsupervised learning, unlike supervised learning, uses unlabelled data to train its
algorithm. Since the labels are not known, the objective of the algorithm is to try
to find hidden patterns/structures in the input dataset by clustering the data or
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extracting similar features [85, 86]. This type of learning task can be useful in the
case of large unlabelled datasets, which is very common, and is particularly suited
to clustering and dimensionality reduction tasks [87].

Semi-supervised learning

Semi-supervised learning is a combination of supervised and unsupervised learning
as it is composed of both labelled and unlabelled data. The proportion of labelled
data is usually small compared to the amount of unlabelled data. The objective
is to get a better model with the use of unlabelled data than the one obtained
with only the labelled part of the dataset [88, 89]. The most common forms of
application of semi-supervised learning are the use of unlabelled data to learn the
hidden structure/pattern of the data distribution [88] or to proceed to self-labelling.
In the latter case, a model is first trained with the sparsely labelled data and then
used with unlabelled input data to predict their labels, called pseudo-labels. Finally,
the model is re-trained with all or only some of the data and their corresponding
labels [89].

Self-supervised learning

Self-supervised learning (SSL) is a machine learning technique in which the algorithm
learns from unlabelled datasets by its own means, without human intervention. The
objective is to learn useful features for a specific task. In light of the above definitions,
it can be said that SSL falls between supervised and unsupervised learning. Indeed,
it is a subset of unsupervised learning, as it does not require manually annotated
data. Nevertheless, it can also be seen as an autonomous form of supervised learning,
as it does not need human supervision in the labelling of data [90].

Most machine learning models need a large labelled dataset to make accurate
predictions with unseen data. However, in most applications, it is impossible to
label everything and this can be extremely expensive and time-consuming [91]. For
example, Xiao Liu et al. [92] mention that the data labelling company, Scale.ai,
can charge $6.4 per image segmentation. Labelling a dataset of more than 10,000
images can therefore cost up to $1 million. Self-supervised learning is therefore a very
powerful and promising method, especially in research areas such as medicine, which
could greatly benefit from the fact that less labelling is required. Indeed, unlike
natural images which can often be labelled by less qualified persons, the annotation
of medical images requires expert physicians to annotate them as accurately as
possible [90]. Beyond the necessary expertise, large variability in annotation inter-
and intra-doctor can be observed. Therefore, several experts are often needed to reach
a consensus and this represents a certain cost [93]. Moreover, in the medical domain,
only small datasets are usually accessible, especially in the case of a particular disease,
for example. Privacy issues are also an obstacle to the collection of large medical
datasets [94]. Furthermore, as there is usually a large amount of unlabelled medical
data for only a small amount of usable labelled medical data [90, 95], it would be
beneficial to learn from unlabelled data. It can therefore be concluded that there
is an overall data scarcity in annotation and in volume in the medical domain and
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that it constitutes an obstacle for machine learning applications [90]. For all these
reasons, self-supervised learning can be a very promising field of research in AI and
is gaining more and more interest [92] and attention in the medical field every year
[90].

The first large-scale use of self-supervised learning was done by Meta and others in
the field of speech recognition. For instance, in 2020, Meta launched the Wav2Vec 2.0
speech recognition algorithm [96] using self-supervised learning. They demonstrated
that it was possible to outperform the previous state-of-the-art semi-supervised
models by learning useful features from unlabelled speech audio and then fine-tuning
the pretrained model on labelled data. In fact, with 960 hours of unannotated speech
data and only one hour of labelled training data, Wav2vec 2.0 already outperforms
the previous state-of-the-art models trained over 100 hours of the same labelled
dataset [96]. These results are positive because speech labelled data are much more
difficult to obtain than unlabelled data.

Figure 3.1: Self-supervised learning pipeline. Source: Longlong Jing and Yingli Tian
[91].

In terms of the general pipeline (Figure 3.1), self-supervised learning is mainly used
as a pretraining task. Indeed, the goal is to first learn meaningful and robust feature
representations from unlabelled data and then train the model on other more specific
supervised/downstream tasks (i.e. image classification/detection/segmentation). In
practice, self-supervised learning starts with the pretext task aiming to learn useful
feature representations. To do so, various techniques have been developed such as ro-
tation [97] (predict the rotation angles of the images), jigsaw puzzle [98] (reconstitute
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the original image based on shuffled image patches), image colourisation [99] (colour
grey-scale images with plausible colours), image inpainting [100] (predict missing
image parts), image/video generation using Generative Adversarial Networks (GANs)
[101] (create fake images/videos) [102, 103] and many others. Then, once the first step
is completed, thanks to the knowledge transfer process, the supervised/downstream
task can be fine-tuned on the pretrained model with a limited amount of labelled
data. The objective is to improve the performance and overcome overfitting of the
downstream task, thanks to the pretraining of the pretext task [91]. However, as the
pre-training task can be computationally heavy, pretrained weights on well-known
datasets are often available on the internet. ImageNet [104] is the most widely used
dataset for feature learning [91] and weights pretrained on this dataset will be used
in this master thesis to avoid the time-consuming pretraining.

According to Xiao Liu et al. [92], self-supervised learning can be divided into three
different categories: generative, contrastive and generative-contrastive (adversarial)
as shown in Figure 3.2. Model architecture (generator/discriminator) and objective
are the main differences between them.

Figure 3.2: Different self-supervised learning methods. Source: Xiao Liu et al. [92].

First, the generative self-supervised learning consists of the training of an encoder to
encode an input into an explicit vector, denoted respectively by x and z in Figure 3.2,
and of a decoder to reconstruct the input from the explicit vector. For example, in
the field of language processing, the well-known BERT model [105] can be considered
as generative self-supervised learning. Indeed, the model first randomly masks some
of the tokens of the input and then tries to reconstruct the original input based on
this corrupted input [92].

Second, the contrastive self-supervised learning includes two inputs from a data
augmentation from the same image, referred as x and y in Figure 3.2. These once
passed through the encoder, obtain their corresponding explicit vector z. With these
vectors it is possible to maximise the similarity between the representations of two
augmented images [92]. That kind of self-supervised learning will be more detailed
in the subsections 3.2.1 and 3.2.2.
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Third, the generative-contrastive self-supervised learning is a kind of combination
of the previous two methods. Indeed, the goal is to train the encoder-decoder
block in order to create/reconstruct new samples (similar to generative) and be
able to recognise the original and the reconstructed one thanks to the discriminator
(similar to contrastive). A typical example of that kind of self-supervised method
is GAN [101] where the generator creates fake samples and the discriminator has
to differentiate them from the original ones. Inpainting can also be mentioned as
generative-contrastive self-supervised learning. In this case, an input with missing
image parts is given and the generator will aim to predict the missing parts and make
them as real as possible. Then, the discriminator will be used to try to differentiate
the inpainted image from the real one [92].

Generative self-supervised learning is effective for natural language processing (NLP).
NLP encompasses all tasks in which the algorithm can understand and respond to
written text or spoken speech in written or spoken form (e.g. speech recognition) [106].
On the contrary, contrastive self-supervised learning has shown better performance for
computer vision tasks, which aim at processing and extracting interesting information
from images or videos and making a decision based on this information (e.g. image
classification, object detection,...) [107]. This can be explained by the fact that
the contrastive learning approach is inherently closer to the classification objective.
Indeed, as it only uses the encoder, contrastive models are more light-weighted and
better suited to discriminative downstream tasks, such as classifications, compared
to generative approaches [92].

3.2 Contrastive self-supervised learning
In contrastive self-supervised learning, there are two types of data: positive and
negative samples. Positive samples are data that fit the target and, conversely,
negative samples are data that do not fit the target. In practice, positive pairs are
two augmented views from the same data point and, conversely, negative pairs are two
views from different data points [108]. Depending on the type of samples used, two
types of contrastive self-supervised learning exist: contrastive and non-contrastive
learning. On the one hand, contrastive learning uses positive as well as negative
samples and the aim will be to have close representations for positive samples and
different representations for negative samples. On the other hand, non-contrastive
learning uses only positive samples and the goal will be to have close representations
for positive samples [108].

3.2.1 Contrastive learning: SimCLR & MoCo
SimCLR
Simple framework for Contrastive Learning of visual Representations (SimCLR) is
one of the most popular contrastive learning approaches proposed by Chen et al.
[109] in 2020. Moreover, the method has been an important inspiration for recent
contrastive learning approaches. The general concept of SimCLR is to bring together
augmented feature representations from the same image and push away those from
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other images [110].

Regarding the framework, represented in Figure 3.3, SimCLR starts with a data
augmentation, T , that augments any input image x of a batch into two augmented
images ∼

xi and ∼
xj . These two augmented images can be viewed as a positive (similar)

pair and all other pairs in the batch are viewed as negative (dissimilar) to the positive
pair. Therefore, if the original batch size was N, the size will be 2N after the data
augmentation. In the original paper describing SimCLR [109], the authors chose
to create a data augmentation function T that applies a random combination of
cropping (with flipping and resizing), colour distortion and Gaussian blur. Then, a
base encoder f(.) is applied to each augmented image of a positive pair to create their
corresponding representation vectors, hi and hj. This can be transcribed as follows:
hi = f( ∼

xi). As it can work with a wide variety of different backbones, the choice
of encoder architecture can be quite free and will depend on the final application.
Afterwards, both representation vectors are passed through a projection head g(.),
which is composed of several non-linear layers (ReLU), to project them into the space
where the contrastive loss is applied. This projection head step results in the creation
of two embedding vectors zi and zj. This last stage, g(.), is necessary because it has
been found that it is better to define the contrastive loss on zi rather than on hi.

Figure 3.3: SimCLR framework. Source: Chen et al [109].

Once each augmented image of the batch has obtained its corresponding embedding
vector, the loss function can be calculated. First, the cosine similarity, si,j, can
be computed. This represents the similarity between two augmented images by
calculating the cosine of the angle between the two representation vectors. In
practice, as shown in Equation 3.1, this is translated into the dot product between
the two vectors.

si,j = z⊤
i zj

(∥zi∥ ∥zj∥) (3.1)

where ∥zi∥ refers to the vector euclidean norm of zi.
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The loss function used in SimCLR was already introduced in previous work [111,
112, 113] and is called NT-Xent (the normalised temperature-scaled cross-entropy
loss). The loss function for a positive pair of samples (i, j), ℓ(i, j) can be detailed as
in Equation 3.2.

ℓ(i, j) = − log exp (si,j/τ)∑2N
k=1 1[k ̸=i] exp (si,k/τ)

(3.2)

where 1[k ̸=i] ∈ {0, 1} is an indicator function equal to 1 if k ̸= i and τ refers to a
temperature parameter.

Intuitively, this loss function will be larger if the positive pairs have different repre-
sentations but also if they are resembling the other images (negative pair). In other
words, the intention is to have representations of positive pairs that are close to each
other but not similar to those of negative pairs.

The final loss function can be computed by calculating the loss, ℓ(i, j), for each
positive pair ((i, j) but also the interchanged pair (j, i)) in the batch of size N and
then averaging it.

L = 1
2N

N∑
k=1

[ℓ(2k − 1, 2k) + ℓ(2k, 2k − 1)] (3.3)

Following the general self-supervised learning pipeline previously explained, once the
encoder f(.) has been pretrained, it can be reused for a downstream task through
transfer learning.

One of the drawbacks of SimCLR is that the amount of negative samples is limited to
the batch size, which can make it difficult to find sufficiently hard negative samples.
Indeed, if the negative samples are too dissimilar to the positive pair, they will be
distinguished too easily. A large batch size and a high number of epochs are therefore
required to ensure good performance [110].

MoCo

Momentum Contrast (MoCo) proposed by He et al. [114] in 2019 is a contrastive
learning approach based on the principles of dynamic dictionary look up and queue.
The objective is that the model learns to distinguish a large number of different
images.

The MoCo framework (Figure 3.4) starts with a data augmentation of each input
image of a mini-batch into two different views xquery and xkey [110, 114]. When this
is done at the scale of a mini-batch of size N, there are thus N xquery and N xkey. The
MoCo architecture is composed of two encoders: the query and momentum encoders.
On one side, each query image, xquery, is passed through the query-encoder, fq(.),
and this results in the encoded query image, q. In brief, this can be explained by the
equation: q = fq(xquery). On the other side, each xkey image from the mini-batch is
passed through the momentum-encoder, fk(.), and the encoded representations of the
current mini-batch are stored in k0. In that situation, the embeddings of the current
mini-batch (k0) are enqueued and those of the oldest mini-batch are dequeued in
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order to maintain a consistent queue size. Once both encoders have their respective
encodings, the similarity between the encoded query image and the queue can be
calculated using the contrastive loss function. The latter will help to optimise the
overall system later via backpropagation.

Figure 3.4: MoCo architecture. Figure adapted from He et al. [114].

The loss function is defined by the InfoNCE loss function as represented by Equation
3.4.

Lq = − log exp (q.k+/τ)∑K
i=0 exp (q.ki/τ)

(3.4)

where K is the number of negative samples and τ is a temperature hyper-parameter.

This loss function brings closer feature representations coming from the same image
(q and k+ only with different croppings) and pushes away those from different images.
This can be done following a softmax-based classifier loss that tries to categorise q
as k+. Regarding the loss computation for query q, the sum is over K negative keys
and only one positive key, k+.

As represented in Figure 3.4, after the loss calculation, only the query-encoder
network is being updated through backpropagation. As described in Equation 3.5,
the momentum-encoder will be slightly updated depending on how the query-encoder
evolves. This is done for every training iteration.

θk = mθk + (1 − m)θq (3.5)

where θk and θq refer to the parameters of fk(.) and fq(.) respectively and m ∈ {0, 1}
to a momentum coefficient.

This momentum update allows a slower and smoother evolution of θk compared to
θq. As the different keys in the queue are encoded by different encoders (for each
different mini-batch), it is important to keep some consistency in the encodings by
ensuring that the difference between the different encoders is small.
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The second version of MoCo, MoCo v2, was developed by Chen et al. [115] inspired
by the SimCLR approach for two points. First, an MLP projection head was added
as it has been proven in SimCLR that it is beneficial to express the loss in the space
after the projection head rather than before it. Second, small modifications were
made to the data augmentation by incorporating the blur augmentation as done
in SimCLR [114, 115]. According to Chen et al. [115], both of these changes have
resulted in improved performance compared to MoCo v1.

Comparison of methods

As SimCLR and MoCo share similar objectives, it can be interesting to compare their
framework and performance. First, as already explained, they are both contrastive
learning approaches and therefore use positive and negative samples. Second, they
are based on the same contrastive loss function. The major difference is that MoCo
takes into account in its loss function all negative keys in its queue, whereas the loss
function of SimCLR is limited to the negative pairs present in its current batch [116].

Although these two methods can be considered quite similar, there are some notable
differences. First, SimCLR is based on an end-to-end structure where the shared
encoder is updated through backpropagation during training [110]. This architecture
offers less complexity but requires more epochs and a larger batch size to perform
well [117]. Conversely, MoCo has a momentum contrast structure, which means that
the two encoders are not updated similarly to keep some consistency in the different
keys of the queue [114]. The contrastive learning structure of the two approaches
is therefore different. Second, as the number of negative samples only depends on
the current mini-batch size in SimCLR, this method requires a large batch size in
order to have sufficient negative samples during the training of each mini-batch [92].
In contrast, MoCo uses its queue to store negative samples and is therefore less
dependent on the batch size [118]. Third, it was observed that MoCo generates
positive pairs that are too easily distinguished [92]. However, the importance of a
hard positive strategy was highlighted in SimCLR [109] and was therefore included
in the second version of MoCo with a more robust data augmentation [114].

In terms of performance, it has been proven that the top-1 accuracy of a pretrained
ImageNet linear classifier used with 200 epochs and a batch size of 256 is 61,9% for
SimCLR and 60,6% for MoCo. However, thanks to the improvements made in the
second version of MoCo, MoCo v2 increased its performance from 60,6% to 67,5%.
Furthermore, even with a larger batch size for SimCLR (8192), it achieves 66,6%
accuracy still not reaching the same level as MoCo v2 [110].

3.2.2 Non-contrastive learning: Barlow Twins
In contrastive learning, it can sometimes be difficult to obtain good negative samples,
as they should not resemble the positive samples but should not be too different
from them either to guarantee good learning. These methods, therefore, require a
large batch size to ensure good results. Indeed, a decrease in batch size in methods
such as MoCo or SimCLR, considerably reduces performance [92]. Consequently,
non-contrastive learning approaches can be a promising solution as they do not need
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a large batch size or a large memory bank to store negative samples [119]. The
non-contrastive method presented is Barlow Twins.

Barlow Twins
Barlow Twins (BT) [120], a new non-contrastive self-supervised learning approach, is
based on the principle of redundancy reduction. This concept was put forward by the
neuroscientist H. Barlow [121] according to whom sensory processing attempts to
reduce the redundancy of sensory inputs between neurons. The same idea was thus
used for the design of BT. Following this concept, Zbontar et al. created the Barlow
twins framework in which two conditions must be met for each neuron in order
to produce invariant and non-redundant feature representations. In other words,
the first condition is invariance, meaning that the feature representations from two
different augmentations/distortions from the same image must be similar. The second
condition is redundancy reduction to ensure that the different vector components
of the feature representation are not correlated, in order to have non-redundant
information about the image.

The BT architecture, as shown in Figure 3.5, is not very different from a classical
self-supervised approach as it uses the same deep neural network (fθ). However,
it differs from other techniques in its definition of its loss function, LBT . The BT
principle starts with the creation of two augmented images (Y A and Y B) for all the
images of batch X. The data augmentation follows the distribution T . Following
which, each pair of augmented images is used as inputs to the fθ network and the
corresponding pair of feature representations/embeddings (ZA and ZB) is created as
outputs.

Figure 3.5: Barlow Twins’ architecture. Source: Zbontar et al. [120].

Afterwards, the cross-correlation matrix of the feature representations ZA and ZB,
Cij is calculated. This matrix can be computed according to Equation 3.6

Cij ≜

∑
b zA

b,iz
B
b,j√∑

b

(
zA

b,i

)2
√∑

b

(
zB

b,j

)2
(3.6)

where b refers to the batch samples and i, j to the vector dimensions of the embeddings.
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In fact, it can be concluded from Equation 3.7 that by minimising the loss, the cross-
correlation matrix will tend to equal the identity matrix. This is also schematically
represented in Figure 3.5. More specifically, the loss function, LBT , is composed of
two different terms: the invariance and the redundancy reduction terms representing
the two conditions previously explained. On the one hand, the invariance term tends
to equalise the diagonal elements, Cii to 1, to force similar feature representations
under different distortions. On the other hand, the redundancy reduction term tends
to equalise the off-diagonal elements, Cij to 0, to ensure the decorrelation of the
components of the embedding vectors [122, 123].

LBT ≜
∑

i

(1 − Cii)2

︸ ︷︷ ︸ +λ
∑

i

∑
j ̸=i

Cij
2

︸ ︷︷ ︸
(3.7)

invariance redundancy reduction

where λ is the positive trade-off parameter controlling the importance of the first
and second terms in the overall loss function optimisation.

3.2.3 Other self-supervised learning approaches
The three contrastive self-supervised learning approaches presented previously are
explained in detail as they are the ones used in this master thesis. However, other
common contrastive, as well as non-contrastive methods, exist and will be briefly
developed in this subsection.

PIRL (Self-Supervised Learning of Pretext-Invariant Representations), proposed by
Misra et al. [124], is a contrastive approach focusing on the invariance of feature
representations to pretext tasks using a memory bank of negative samples.

Regarding non-contrastive approaches, Grill et al. [125] proposed in 2020 the
Bootstrap Your Own Latent (BYOL) method. The framework is composed of two
networks: the online and target networks. The online network is trained on an
augmented view of an image, to predict the target network’s representation of the
same image with a different augmented view. The target network is updated by a
slow-moving average of the online network. It can be said that both networks learn
from each other from the same image.

Finally, Swapping Assignments between multiple Views (SwAV), proposed by Caron
et al. [126] is a cluster-based method that clusters data while promoting consistency in
the assignment of clusters between different views of the same image. To do so, feature
representations coming from augmented images are mapped with prototype vectors
to form a ’code’. Then, the algorithm tries to solve a ’swapped’ prediction problem by
predicting the code of one augmented data, with the feature representation of another
augmented data of the same image. The idea behind this approach is that if two
augmented views of the same image present related information, it should be feasible
to predict the code for one of the two views based on the feature representation of
the other view.
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3.3 Contrastive self-supervised models in medical
imaging tasks: state-of-the-art

As mentioned previously, self-supervised learning is of growing interest in the medical
field, especially because of the need for experts to annotate, the long time required
for labelling and the scarcity of data compared to applications with natural images.
Therefore, this section focuses on presenting some advances and results of contrastive
self-supervised models applied to medical imaging tasks.

Given the results of MoCo (see subsection 3.2.1), Sowrirajan et al. [127] decided
to implement an adaptation of it, called MoCo-CXR, applied to the detection of
pathologies in chest X-rays. They adapted the original data augmentation strategy
of MoCo to be more suitable for medical images. For example, random cropping
and Gaussian blurring can remove the part of the image that covers the disease.
Moreover, some augmentations, such as colour jittering and random greyscale, do
not make sense for already greyscale images, such as X-rays. Instead, they used a
set of augmentations, consisting of random rotation and horizontal flipping, which
are better suited for chest X-ray models.

Another work on a MoCo adaptation was carried out by Sriram et al. [128] to
predict the risk of deterioration in COVID-19 patients, based on chest X-rays.
The task was to predict two different possibilities of patient deterioration: adverse
event deterioration (i.e. intensive care unit, intubation, or mortality) and oxygen
requirement. For each image, a prediction was given as to when deterioration would
occur within a few days after the scan. This type of model and application can give
the medical community a hand in the task of hospital resource planning.

Inspired by the SimCLR framework, a new approach called Multi-Instance Contrastive
Learning (MICLe) has been proposed by Azizi et al. [129] to better take into account
multiple images of the same patient case (e.g. MLO & CC views with mammograms).
When multiple data are available, MICLe uses two different images as a positive pair,
otherwise, it simply applies a classical data augmentation of the same image. This
technique permits the construction of a more robust and informative positive pair
for self-supervised learning.

One drawback of contrastive self-supervised learning methods is the fact that the
algorithm considers only the global consistency of data and ignores the local consis-
tency [90]. However, the latter one is important to capture structural information
for segmentation tasks, for example. Therefore, Xie et al. [130] tried to overcome
this issue by extending the BYOL framework and developing the Prior-Guided-Local
(PGL) method. In practice, the data augmentation information is taken to align
feature maps of different views of the same local region. A local consistency loss
function is then used to minimise the distance between the aligned local feature maps
[130, 90]. This new approach allows complex structural information to be captured.

Regarding 3D images, Taleb et al. [94] decided to go a step further by developing
different 3D self-supervised learning tasks applied to unlabelled 3D medical images.
They demonstrate that the algorithms could greatly benefit from 3D tasks compared
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to their 2D counterparts or the baseline trained from scratch. Gains can be seen in
terms of data efficiency, performance, and convergence speed.

3.4 Summary of Chapter 3
Self-supervised learning is a method for extracting useful information from unlabelled
data by applying certain pretext tasks. This allows the pretrained model to be
fine-tuned with less labelled data than without self-supervised learning.
Contrastive self-supervised learning is the most studied category and three ap-
proaches have been presented in detail: SimCLR, MoCo and Barlow Twins. The
first contrastive approach, SimCLR, attempts to bring together augmented feature
representations from the same image and push away those from other images. The
second contrastive method, MoCo, also tries to distinguish feature representations
from different images by storing negative samples in a queue. The non-contrastive
approach, Barlow Twins, attempts to produce invariant and non-redundant feature
representations.
It is clear that self-supervised learning methods are of growing interest as less labelled
data is required. This is particularly the case in the medical field where labelled
images are difficult to obtain due to the need for experts to annotate, the long time
required for labelling and the scarcity of data compared to applications with natural
images.
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Self-supervised learning results

The theoretical basis of self-supervised learning and the different approaches used in
this work were presented in Chapter 3. In this chapter, the mammography dataset, as
well as the data pre-processing used in this work, will first be introduced. Then, the
results obtained for a breast mass segmentation task using self-supervised learning
will be described and discussed.

4.1 CBIS-DDSM dataset
In the field of mammography, some old public datasets exist (e.g. DDSM [131], MIAS
[132], IRMA [133],...) but the number of data and their accessibility are limited.
An updated version of the Digital Database for Screening Mammography (DDSM),
called Curated Breast Imaging Subset of DDSM (CBIS-DDSM) [134], was therefore
proposed with an easier accessibility thanks to the adaptation of the format and
an improved region of interest segmentation [135]. CBIS-DDSM is one of the most
widely used mammography datasets in the literature.

CBIS-DDSM is a public dataset containing 2,620 scanned mammography images
including calcifications and masses. Given the fact that for this master thesis, it was
decided to work only with masses, 1,592 images are used in the end.
For each patient, the dataset can contain a maximum of four images: full mammo-
grams of the right and left breast as well as two different views (MLO and CC) of
each. More than one abnormality can be detected for each full mammogram. In
addition, for each abnormality in the full mammography image, there is a cropped
image of the abnormality and a region of interest mask which is a binary mask
segmenting the abnormality. Additional information, such as patient ID, density
category, pathology (benign or malignant) and BI-RADS evaluation, is also provided
for each mammogram in CSV files [135].
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4.2 Data pre-processing
Before carrying out any work, it is essential to pre-process the data at the structure
level as well as at the image level to improve the data quality and facilitate the
learning of the model.

Regarding the structure level, the original allocation of images between the training
and test set is preserved. A file per patient is created for the full mammograms and
another for their corresponding masks.

In terms of image-level pre-processing, several modifications are applied and shown in
Figure 4.1, namely crop borders, normalisation, remove artefacts, horizontal flip and
pad into a square. First, the borders are cropped slightly, because some images have
white borders. This prevents the model from learning incorrect edge features. Second,
normalisation is applied to only have values ranging from 0 to 1. Third, artefacts are
removed. These can be, for example, marks informing the radiologist about which
breast has been scanned as well as its orientation. For instance, "RMLO", in Figure
4.1, refers to the right breast scanned with MLO orientation. Fourth, a horizontal
flip is performed so that all breasts are on the left. This step facilitates the next one.
Fifth, all images are padded into a square. This padding preserves the data from
distortion during resizing. All the images are then resized to 224x224 to have the
same size.

Figure 4.1: Data pre-processing pipeline. Figure created from Cancer Imaging
Archive [134].

As pre-processing has been performed on the full mammograms, the same must be
done for the binary masks. They will follow the same pipeline except that they will
skip some stages. Indeed, the second step of normalisation is not necessary since the
masks are already binary. This is also the case for the third step since the ground
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truth masks do not contain any artefacts. Therefore, the edges of the masks are first
cropped, then the masks are flipped horizontally and finally squared as is the case
for full mammograms.
Nevertheless, there is a specificity since in the dataset a mask is created for each
abnormality. However, when segmenting, it is important to detect all abnormalities
present in a mammogram. Therefore, when several abnormalities exist, the different
masks are merged as shown in Figure 4.2.

Figure 4.2: Merged masks. Figure created from Cancer Imaging Archive [134].

4.3 Overfitting issue
Overfitting problems occur when the model begins to fail to generalise the information
it learns from the training dataset. This is the case when the learned information
allows the model to perform very well on the training dataset but is not applicable
anymore to the overall population [136]. It will then no longer be able to perform
well on unseen data, which is its primary objective. This problem can be encountered
when the model trains through the same data too many times, the model is too
complex or the training dataset is too small [136, 137]. Fortunately, there are several
methods to overcome this issue and some of the best-known ones are outlined below.

Data augmentation involves artificially enlarging the dataset in an attempt to counter
the problem of limited training data and hence overfitting. In some cases, it also
allows the model to be more robust to certain changes. This can be achieved by gen-
erating new data by making small changes (e.g. geometric or colour transformations,
cropping,...) to existing data [138]. This regularisation technique is applied in this
master thesis. Indeed, at each iteration, each image has a probability of being flipped
vertically and/or horizontally, having its brightness slightly increased or decreased
but also being rotated a few degrees.

Dropout [74] consists of randomly dropping out neurons during the training of a neural
network. This means that all the incoming and outgoing connections to the dropped
neurons will be momentarily removed. After applying the dropout, a "thinned"
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network is created, consisting of all retained neurons. Intuitively, this approach tends
to counteract overfitting because, as different neurons are not considered at each
training stage, the model will be less likely to learn particular features from them
and therefore may be able to generalise.

Weight Decay consists of adding a penalty term to the loss function to penalise weights
with high values. Indeed, models based on high-value weights tend to specialise more
in the training data and therefore have more difficulty in generalising [139]. This
regularisation method is used in this work.

Transfer learning involves using a network pretrained on a different dataset (e.g.
ImageNet) and then fine-tuning this model to specialise it to the final task with a
smaller target dataset [136]. The pretraining extracts off-the-shelf features allowing
the model to focus more on the specific task and fine-tune the network with a smaller
dataset.

4.4 Segmentation network
As presented in Subsection 2.2.3, U-net is one of the most widely used networks in
semantic segmentation. This same network is therefore used throughout this master
thesis. Several experiments will be described in this section, all using the transfer
learning principle. Indeed, given the scale of this work, it would not have been
possible to carry out the pretraining necessary for these experiments, simply because
such training is very time consuming and because of the lack of computational power.
Pretrained weights are therefore used and integrated into the U-net network.

4.4.1 ImageNet pretraining
The gold standard of pretraining is performed on natural images and more specifically
on the ImageNet dataset [104]. Indeed, this dataset is widely used in the literature
because of its accessibility, its large number of images and its large variety of classes.
Moreover, many ImageNet pretrained weights are available and therefore easily
downloadable and transferable.

The dataset

One of the motivations for building the ImageNet dataset was the demand for data to
enable researchers to design more generalised machine learning algorithms. Clearly,
to be able to design more sophisticated algorithms, it is necessary to have good
resources and therefore a large-scale image database.
The most used subset of the ImageNet dataset is the one utilised in the ImageNet
Large Scale Visual Recognition Challenge 2012-2017 [140]. This challenge is annual
and evaluates algorithms for object detection and image classification at a large scale.
The subset used includes 1000 object classes and contains more than one million
images.
In the following experiments, ResNet50 is used as an encoder for U-net due to the
availability of pretrained weights on ImageNet.

40



Chapter 4. Self-supervised learning results

Supervised pretraining

This first experiment simply compares a non-pretrained and an ImageNet supervised
pretrained models. These pretrained weights are available on Pytorch and can
therefore be easily downloaded and transferred on ResNet50. In Table 4.1, the
hyperparameters used for the two types of training for this experiment can be seen.
In this master thesis, the hyperparameters of each model were chosen using a random
search to obtain the best performance. The range of values was between 10−5 and
5 · 10−3 for the learning rate, between 10−5 and 10−2 for the weight decay and a
choice between 4, 8 and 16 for the batch size. A batch size above 16 could not be
considered in this work due to a lack of memory.

Model Non-pretrained ImageNet supervised pretrained
Optimizer RMSprop RMSprop

Learning rate 2.5 · 10−5 10−4

Batch size 4 4
Weight decay 5 · 10−4 10−4

Table 4.1: Hyperparameters of the first experiment.

As can be seen in Figure 4.3, supervised pretraining allows the model to learn faster
and, above all, to perform better. Indeed, it can be observed that the training curve
of the supervised pretrained model directly reaches higher IoU values while the one
learning from scratch does not allow to reach such high values, even after a longer
training.

Figure 4.3: First experiment: comparison between ResNet50 non-pretrained and
ImageNet supervised pretrained.
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Self-supervised pretraining

This second experiment is conducted to evaluate the impact of self-supervised learning
approaches compared to the supervised ImageNet pretrained model already evaluated
in the first experiment. This can be done using models initialised with self-supervised
pretrained weights. The self-supervised learning methods used are those presented
in Subsection 3.2, i.e. SimCLR, MoCo and Barlow Twins. The hyperparameters
of each model used for this experiment can be found in Table 4.2. The weights
pretrained with the MoCo, SimCLR and BarlowTwins models were downloaded from
the GitHub linked to [114, 109, 120] respectively and transferred into the U-net
model.

Model MoCo SimCLR Barlow Twins
Optimizer RMSprop RMSprop Adam

Learning rate 10−4 10−4 5 · 10−4

Batch size 8 4 4
Weight decay / 5 · 10−4 10−5

Table 4.2: Hyperparameters of the second experiment.

In Figure 4.4, it can be observed that no self-supervised pretraining outperforms the
supervised pretraining approach. All IoU curves overlap indicating no improvement
using ImageNet self-supervised pretrained weights.

Figure 4.4: Second experiment: comparison between ResNet50 ImageNet supervised
pretrained and self-supervised pretrained.

However, the lack of significant results in this experiment is not totally surprising
as the dataset employed (CBIS-DDSM) is limited and as the use of ImageNet
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pretrained models applied to medical applications is quite controversial [141]. Indeed,
considerable differences exist between natural and medical images in terms of feature
distribution and resolution. These differences suggest that features learned from
natural images may not necessarily transfer meaningfully to medical applications
and therefore limit transfer learning from ImageNet for medical image datasets. For
this reason, self-supervised pretraining on a medical image dataset could allow the
extraction of more interesting features and thus potentially improve the performance
of the model to which these self-supervised pretrained weights will be transferred.

In addition, another issue can be encountered during ImageNet supervised pretraining.
In fact, as ImageNet supervised pretrained models are constructed to predict 1000
labels, this results in heavily over-parameterised models in the context of medical
imaging problems. Therefore, using a medical dataset for pretext tasks can also be
beneficial for supervised pretraining given the over-parameterised models with an
ImageNet supervised pretraining.

4.4.2 Medical images dataset pretraining
Given the few conclusive results with self-supervised pretraining on natural images
from the ImageNet dataset, it may be interesting to consider models pretrained in a
self-supervised way on a medical image dataset.

The dataset

For this purpose, the CheXpert dataset [142] is used. CheXpert is a large public
dataset for chest radiograph interpretation, consisting of 224,316 chest radiographs
of 65,240 patients.
In the following experiments, due to the availability of weights pretrained on a
medical imaging dataset only on ResNet18, the latter architecture is used as the
encoder for U-net.

Supervised pretraining

A comparison between supervised pretraining on ImageNet and on a medical image
dataset could not be tested because no weights pretrained in a supervised way on
CheXpert could be found. It will therefore be impossible to conclude whether an
improvement could be seen if supervised pretraining was performed on CheXpert
instead of ImageNet.

Self-supervised pretraining

The same problem is encountered in this experiment. Indeed, as there is no access to
CheXpert supervised pretrained weights, a direct comparison between supervised and
self-supervised pretraining on the same dataset cannot be established. As there is no
access to ImageNet self-supervised pretrained weights on Resnet18, a comparison
between the self-supervised pretraining on ImageNet and on CheXpert is also not
possible.
However, a comparison between the supervised pretraining on ImageNet, directly
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available on Pytorch, and the self-supervised pretraining on CheXpert, can still be
made. The weights pretrained on CheXpert with the MoCo self-supervised model on
a ResNet18 come from the GitHub linked to [127] and the resulting model is called
MoCo-CXR. The hyperparameters used for this third experiment can be found in
Table 4.3.

Model ImageNet MoCo-CXR
Optimizer Adam RMSprop

Learning rate 10−4 10−4

Batch size 4 16
Weight decay 10−3 10−4

Table 4.3: Hyperparameters of the third experiment.

In Figure 4.5, it can be seen that the self-supervised pretraining on CheXpert
performs equally as the supervised pretraining on ImageNet. As before, both IoU
curves overlap, indicating no improvement using self-supervised pretrained weights
on a medical dataset.

Figure 4.5: Third experiment: comparison between ResNet18 ImageNet supervised
pretrained and CheXpert self-supervised pretrained.

There are several reasons why the use of self-supervised pretaining on a medical
dataset is not improved. First, regarding the dataset itself, although CheXpert
contains a significant number of over 200,000 images, this is not comparable to the
size of ImageNet. Indeed, as ImageNet contains almost five times as many images
as CheXpert, a saturation of the learning potential can occur more quickly with a
smaller dataset like CheXpert.
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The second reason concerns the pretext task of self-supervised learning. Indeed,
defining a pretext task well suited to medical data is particularly challenging. In
fact, relevant pathology-related features are often represented through subtle and
small-scale phenomena [141] and this is especially the case for a task related to
breast masses. The self-supervised MoCo pretraining in the third experiment uses
a conventional self-supervised learning task. This task is probably less effective on
medical image datasets because it is tailored toward the presence of dominant objects
as in natural images.

In addition, in the paper from which the weights were extracted, the authors compared
ImageNet supervised pretrained and MoCo-CXR models by end-to-end fine-tuning
them on a large dataset. With a label fraction of 100%, they showed no improvement
between the two models. A more noticeable difference between the MoCo-CXR
model and the ImageNet supervised pretrained model can be noted when a smaller
label fraction is used, showing the generalising power of the weights pretrained in a
self-supervised way compared to supervised. They also tested the same experiment
with a smaller dataset and the results showed less improvement, probably due to the
rapid saturation of the learning potential at low label fractions. Therefore, given this
slight improvement, it was decided to go in that direction and see what conclusions
can be encountered given the limited dataset used.

Subdivision of the dataset

In this experiment, the MoCo-CXR model and the ImageNet supervised pretrained
model are trained sequentially with the same hyperparameters as the third experiment
(Table 4.3), with an increasing amount of training data. It begins with 200 labelled
images and increases by 200 each time. The experiment is performed three times.

Figure 4.6: Fourth experiment: comparison between ResNet18 ImageNet supervised
pretrained and CheXpert self-supervised pretrained with different sizes of training
datasets.
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In Figure 4.6, it can be noticed that the MoCo-CXR model appears to perform
slightly better than the supervised pretrained ImageNet model with less training
data. This is an encouraging result as the next point of study of this master thesis is
to include active learning, which aims at requesting specific annotations (labelling)
to achieve better performance.

However, although this experiment was run three times, the IoU curves of both
ImageNet supervised pretrained and MoCo-CXR models are far from smooth as can
be seen in Figure 4.5. Therefore, it is not possible to be sure that the performance
measured at the end of each training, run on the different sized datasets, is totally
reliable. Though it is not justified to rely on the variance value of performance
between the two models, the graph in Figure 4.6 still gives an intuition of the trend
towards improved performance.

4.5 Summary of Chapter 4
Four different experiments were conducted to study the impact of self-supervised
learning compared to supervised learning. The first experiment aims to establish the
influence of ImageNet supervised pretraining compared to a non-pretrained model.
The results show that the supervised pretraining allows the model to learn faster
and achieve better performance. Then, the second experiment was conducted to
evaluate the impact of ImageNet self-supervised compared to supervised pretrained
models. No improvement over a supervised pretrained model was found. Therefore,
in the third experiment, it was decided to explore the MoCo-CXR, i.e. a model
with weights pretrained in a MoCo self-supervised way on CheXpert. MoCo-CXR
performs as well as supervised pretraining on ImageNet, showing no improvement
either. Finally, in the fourth experiment, MoCo-CXR and ImageNet supervised
pretrained models were trained on subdivisions of the dataset and self-supervised
learning seems to obtain slightly better performance with a smaller training dataset.
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Active learning

Deep learning models have already shown great progress and very good results in
various application domains, but unfortunately, they often require a huge amount
of labelled data to perform well [90, 143]. Furthermore, collecting a large set of
high-quality labelled data is laborious, time-consuming, and expensive. Therefore, it
would be very beneficial to have a method that allows the algorithms to perform as
well as traditional approaches but with a smaller dataset [144].

Active learning, already implemented a few years ago, could be a promising solution
to this data labelling problem. The strong belief about this approach is that, if
the learning algorithm can select the data it wants to learn from, it will achieve
better performance than traditional models, while using less training data [145, 146].
In practice, the learning algorithm can iteratively choose which new images from
an unlabelled dataset it wants to learn from, and then ask an oracle (human or
machine) to label them [143]. With this type of configuration, active learning is
part of the human-in-the-loop paradigm as it requires human interactions [146]. The
idea behind active learning is that the learning algorithm selects unlabelled data to
annotate according to their importance and relevance for future learning. This allows
the algorithm to choose the most representative and informative data according
to certain criteria (query strategy), to quickly obtain results similar to a random
selection, but with fewer labelled images used [147].

Although active learning can have applications in various sectors, it can be particularly
useful in the medical field. Indeed, as already mentioned above, correct and accurate
labelling of medical images requires a lot of expertise, time, and money. As an
example of motivation in the medical field, a model that tries to detect breast
abnormalities can be considered. As previously explained, abnormalities in dense
breasts are more difficult to identify than in fatty breasts. Taking this information
into account, it is likely that a deep learning model would have difficulty making
accurate predictions for women with dense breasts. An interesting choice to improve
the performance of such a model, based on active learning, would be to label mainly
images of women with dense breasts, rather than taking random mammograms of all
breast densities.
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In this chapter, a general overview of the theoretical concepts and query strategy
frameworks behind active learning will first be given. Then, the various ensemble-
based active learning methods will be described. Finally, the results obtained with
the ensemble method and the search for a selection metric will be presented.

5.1 Active learning: Theoretical concepts

5.1.1 Scenarios
There are three different types of active learning scenarios depending on how the
learner chooses to query the instance labels [145, 146]:

• Membership Query Synthesis: The learner generates their own unlabelled
data based on their instance space and then asks the oracle to label them.
Unfortunately, this scenario can not be used in all applications and is best
suited to problems where the dataset is small. The main drawback is that
the learner can create nonsensical data that the oracle has difficulty labelling
correctly. This limitation can be solved by the following two scenarios [146].

• Stream-Based Selective Sampling: One specific unlabelled instance is
selected at a time and the learner has to decide, in real-time, whether or not
it would be beneficial to query its label, according to certain criteria/query
strategies (Section 5.2). If it is selected, the model queries the oracle to
annotate it and otherwise, the model simply moves on to the next unlabelled
instance of the stream. However, it may be difficult to define the evaluation
criterion without seeing the future samples and without having an overview
of the unlabelled dataset [148]. This limitation can be counteracted by the
following scenario.

• Pool-Based Sampling: The entire unlabelled dataset is first evaluated and a
measure of informativeness is assigned to each data point according to a query
strategy. Then, after ranking, the most informative and useful data for future
learning will be selected for annotation. The limitation of this approach is the
large amount of memory required to store the evaluation of all unlabelled data
[146]. However, this scenario is the one chosen as appropriate for this master
thesis because of its global overview over the entire unlabelled dataset, before
data selection (which is not the case in stream-based selective sampling), and
because it is the most common and most studied in the literature [145, 146]. In
addition, the dataset used is not particularly large, which should keep memory
requirements to a reasonable level.

5.1.2 Active learning cycle
As shown in Figure 5.1, a typical pool-based active learning cycle starts with a
model trained on a limited labelled dataset L. Then, the trained model uses its new
knowledge to select, based on the informativeness scores, a certain number of images
that it considers worthy of annotation. An annotator/oracle is then asked to label
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these images, which are subsequently added to the labelled dataset L. As this is an
iterative process, this loop is repeated several times until the total budget (maximum
number of labelled data in L) or certain performance criteria are reached [143].

Figure 5.1: Pool-Based active learning cycle. Source: Liping Yang et al. [146].

5.2 Query strategy frameworks
A query strategy is a way of evaluating the informativeness of unlabelled instances.
Different query strategies can be distinguished depending on the type of criteria
used. According to Liping Yang et al. [146] as well as Wang M. and Hua XS. [147],
Active learning query strategies can be classified into uncertainty, diversity, density,
or relevance criterion.

Uncertainty criterion is the best known and most widely used strategy, in which the
model chooses the new data of which it is least certain. Although this strategy is
sensitive to noise and outliers, it still works surprisingly well [149]. When there are
multiple learners, the instances with the highest disagreement between learners will
be selected. This type of query strategy is called query-by-committee and can also
be seen as a measure of uncertainty, as models select the samples for which they are
least in agreement in their prediction.

Diversity criterion is based on the principle of selecting queries that have the least
similarity compared to the images already selected. This avoids redundant data and
therefore encourages the greatest diversity within the labelled dataset.

Density criterion chooses queries within areas of highest density. It is believed that
informative samples are not only the most uncertain samples, but also those that
are "representative" of the input distribution [145]. Moreover, this strategy based on
density avoids picking outliers.

Relevance criterion is usually used in multi-label classification problems. It selects
data that have the highest probability of being relevant for a certain class.
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Comparing these strategies can be difficult and the best choice of approach usually
depends on several factors, such as the dataset and the targeted task [146, 147]. In
this master thesis, it was decided to focus only on uncertainty sampling because of
its intuitiveness, and because it is the most studied in the literature [149].

5.2.1 Uncertainty sampling
Three different uncertainty measures can be highlighted, namely least confident,
margin sampling and entropy sampling [146, 150]. In all the following definitions,
the notation x∗

A refers to the most informative query according to the query strategy
A [145].

Least confident

This type of measure, probably the simplest and most intuitive, follows the idea
that the learning algorithm chooses the queries for which it is least confident [146].
More precisely, the model will first take the highest prediction probability for each
data point and then rank all probabilities in ascending order. Finally, the model will
select, according to the budget per iteration, the data points for which it is least
confident, to annotate them. This can also be translated mathematically for the
classification problem as presented in Equation 5.1.

x∗
LC = argmax

x∈U
(1 − Pθ(ŷ|x)) (5.1)

where ŷ = argmax
y

Pθ(y|x) is the most likely class under the model θ.

However, the main limitation of the least confident method is the fact that it only
focuses on the prediction of the most probable class and forgets about the other
potential class predictions. The next approach, margin sampling, can overcome this
problem [146].

Margin sampling

In contrast to the least confident method, margin sampling considers the first and
second most likely classes by taking the difference between them (see Equation 5.2)
[146]. Intuitively, if the difference between the two highest class probabilities is small,
this would mean that the model is not confident in its prediction, as the two classes
are predicted almost equally [150].

x∗
MS = argmin

x∈U
(Pθ(ŷ1|x) − Pθ(ŷ2|x)) (5.2)

where ŷ1 and ŷ2 denote respectively the first and second most likely class under the
model θ.
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Entropy sampling

Entropy originates in thermodynamics and refers to a measure of disorder in a system.
This concept has been introduced into active learning as a measure of uncertainty
in a model [146]. Indeed, if the entropy is large, it means that the probabilities of
belonging to the different classes are more or less uniformly distributed, as the model
is not certain to which class the data point belongs. Therefore, the data points with
the highest entropy will be selected for annotation.

x∗
E = argmax

x∈U
(−

∑
i

Pθ(ŷi|x) logPθ(ŷi|x)) (5.3)

where yi ranges over all possible classes.

5.3 Uncertainty-based active learning models
Various uncertainty-based active learning models have been developed such as
Bayesian neural network [151], Monte Carlo dropout [152], Ensemble-based methods
[153], Learning Loss [154], Cost-Effective Active Learning (CEAL) [155],...

It should be mentioned that according to some studies [156, 157, 158], in practice,
uncertainty estimation of Monte Carlo dropout and Bayesian neural networks does
not seem to work as well as ensemble-based models. Since testing different active
learning approaches was not the main purpose of this master thesis and based on the
analysis of previous work, it was decided to focus only on ensemble-based methods.

5.3.1 Ensemble
Ensemble methods in machine learning aim to improve the accuracy, generalisation
and reliability of results by using several models (creating the ensemble) instead
of a single one [159, 160]. There is a wide variety of ways to create an ensemble.
According to Bagheri et al. [161], two general approaches of ensemble strategies can
be highlighted: manipulating either the dataset or the learner. On the one hand,
the goal when manipulating the dataset is to generate different training samples
in order to construct different models with them. On the other hand, the learner
manipulation includes either different model architectures or variations of the base
learner parameters (e.g. different initial weights).

This concept of ensemble can be extended to active learning. Indeed, ensemble-
based active learning methods are inherently related to the query-by-committee
approach proposed by Seung et al. [162], where the committee chooses to annotate
unlabelled data with the highest disagreement. Three commonly used and effective
ensemble-based active learning approaches will be presented: query-by-bagging,
query-by-boosting and active-decorate. They differ from the query-by-committee in
the randomisation strategies used to create the ensembles [153] and focus only on
the manipulation of the dataset.
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Query-by-bagging

As the name suggests, query-by-bagging [163] is a parallel technique that uses
bootstrap aggregating [164], commonly known as bagging, as a sampling strategy.
Concretely, this involves the creation of different subsets of the labelled dataset via
random sampling with replacement. Once the subsets are created, the base models
are trained independently with their corresponding training subset. Finally, the
committee votes on which unlabelled data should be annotated because they show
the greatest disagreement.

Query-by-boosting

Query-by-boosting [163] is a sequential technique that uses a boosting algorithm
(e.g AdaBoost [165]) to iteratively create various training sets and thus different
models. In practice, it starts from the original sample distribution and builds a
classifier. Then, for each iteration, the training data distribution is adapted so that
the misclassified instances are weighted more heavily and this adapted version will be
the input of the next (new) classifier. This allows more attention to be paid to the
part of the training data on which the previous learner performed poorly. In short,
the aim will be to focus more and more on difficult samples, in an iterative way with
the following models. Finally, the most uncertain instance will be chosen, but the
votes will be weighted according to the training error of each committee member.

Active-decorate

Active-decorate [166] uses a diversity-focused ensemble method called Decorate [167]
to construct the committee for the sample selection. The process starts with one
classifier trained on the original training set. Then, for each iteration, the original
dataset is extended with artificially generated images that differ at most from the
prediction of the current ensemble. A new classifier, trained on the original and
artificial training data, is then added to the ensemble if it does not increase the
ensemble training error, otherwise, it is rejected. This operation is repeated until
the desired committee size or the maximum number of iterations is reached. Finally,
the committee disagreement will be measured by margins.

Other ensemble-based active learning methods

Various other ensemble-based active learning methods have been developed, usually
trying to focus on solving an ensemble-related problem. Some of them will be
presented, namely Adaptive Heterogeneous Ensemble [168], Co-testing [169] and
Snapshot ensembling [170] but this list is not exhaustive.

Although the first methods mainly focused on homogeneous ensembles, these still
have some drawbacks (e.g. bias of the chosen classifier type). Therefore, Lu et
al. [171] have decided to develop the Adaptive Heterogeneous Ensemble learning
algorithm which focuses on creating heterogeneous ensembles so that the different
types of classifiers complement each other [168]. This approach starts by training a
heterogeneous ensemble consisting of different types of classifiers. Then, the process
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alternates between two different phases: query and training. In the query phase, the
unlabelled data point that produces the most disagreement within the ensemble will
be selected for annotating and then added to the training set. In the training phase,
the ratio between the different classifier types is adjusted to achieve better overall
accuracy. Then, the newly formed ensemble is trained and the whole procedure is
repeated. The main objective of this technique is therefore to find the best way to
combine different types of classifiers, by varying the ratio between them.

Multiple view problems represent a large part of real-world applications (e.g. Web
page classification). Inspired by co-training [172], Co-testing [169] is an active
learning approach applied to redundant view problems. This occurs when multiple
mutually exclusive sets of features can be used for learning. Actually, it begins by
building one classifier for each view and evaluating all unlabelled samples on them.
Then, a query is randomly selected from all unlabelled data on which the classifiers
disagree. After adding this new sample to the training set, the whole process is
repeated.

More focused on the disadvantages of ensemble-based methods than on active learning
per se, some research has been conducted trying to keep the advantage of ensemble
while having no additional training cost. Indeed, ensemble-based methods have the
drawback of being quite computationally expensive, as they train multiple deep
networks instead of a single one [160]. A popular example of an approach trying to
reduce the training burden of multiple models is Snapshot ensembling, developed
by Huang et al. [170]. It is based on the ability of stochastic gradient descent to
converge to or escape from local minima depending on the variation of the learning
rate. Starting from the training of a single neural network, along its optimisation
path, it will converge several times to local minima, where the model parameters will
be stored and the corresponding network added to the ensemble. The final ensemble
is therefore composed of snapshots of the optimisation path.

5.3.2 Application of the ensemble method
In order to measure the performance of an ensemble method, several methods exist.
The simplest and most widely used is the average approach. Therefore, in the case of
this work, an average of the IoUs obtained at the end of the training by each model
is calculated.

For the purpose of testing the ensemble method for the breast mass segmentation
task, a comparison between an ensemble of three ResNet18 models and a single
ResNet18 model is conducted in the experiment represented in Figure 5.2. This
experiment is run three times in a row to reduce the random variability of the results.
For each of the three compilations, the new labelled images added to the dataset at
each iteration are randomly selected.
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Figure 5.2: Comparison between ensemble and random selection: average approach.

As can be seen in Figure 5.2, this method does not show significant results compared
to random selection. In general, this lack of improvement could be attributed to
the fact that the averaging method requires that each member of the ensemble
contributes equally to the final prediction. If one model performs poorly compared
to another, the overall performance measure will be significantly reduced. However,
in this case, the base learners have comparable performance and this explanation is
therefore not relevant.
For this experiment, such results can nevertheless be partly explained by the non-
diversity of the ensemble as similar models are used. Indeed, if the various models
are based on architectures using completely different principles, they are more likely
to build complementary information, which will happen less with models having a
similar architecture [173].

It can be noted, however, that the combination of several models reduces the standard
deviation between the results and thus decreases the variance in performance between
one training and another compared to the single random selection method. This
allows to build more reliable results.

Another simple approach to measuring the performance of an ensemble method
is the weighted average [173]. In practice, unlike the averaging method, weighted
averaging ensembles weight the contribution of each ensemble member proportionally,
according to its performance at the end of the training. In other words, greater
weight will be given to the best performing model. This approach was tested in this
experiment with a weight distribution of 60% for the best model and 20% for the
other two models in the ensemble.

This experiment conducted with the weighted average method is represented in
Figure 5.3. Compared to Figure 5.2, it seems that the weighted average approach is
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slightly more suited for this task than the average approach.

Figure 5.3: Comparison between ensemble and random selection: weighted average
approach.

Nevertheless, it can be noticed that the improvement with the weighted average
approach is not very significant either. As previously explained, the purpose of the
weighted average is to limit the influence of the worst-performing models. However,
the ensemble studied is more likely to have a lack of diversity rather than a poorer
performing model, which could lead to a less efficient use of the weighted average
approach. Indeed, if the models in the ensemble had been diversified, the weighted
average would probably be more significant than with the models studied, which
offer relatively similar predictions each time.

Beyond the average and weighted average approaches, other methods to combine
the predictions of an ensemble exist, such as Stacked Generalization [174] and Super
learner [175]. On the one hand, stacked Generalization is composed of two levels:
the base learners (level 0) and the meta-learner (level 1). This latter follows a cross-
validation-like process in order to evaluate the best way to combine the outputs of
the base learners [176]. On the other hand, super learner is based on the principle of
a weighted combination of the predictions of the base learners using cross-validation
to select the optimal weights [177].
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5.4 Selection metrics
The classical selection metrics used in active learning may depend on the task to
be performed. Indeed, for a classification model, the prediction is a probability
or a probability vector. Whereas for a segmentation task, the model output is a
prediction map with as many predictions as there are pixels. Given the different
possible outcomes, it therefore makes sense that selection metrics, which achieve the
best performance in active learning, may depend on the task at hand. Based on this
information, several metrics are evaluated to find the best performing one.

Given the time-consuming nature of active learning, it would not have been possible
to test each selection metric directly in an overall method. The correlation between
each metric and the performance of the ensemble is therefore calculated on the test
set.
In order to try to match an active learning situation as closely as possible, it was
decided to compute and analyse these correlations with a training on a set of 200
images. However, these equivalent computations with training on the entire dataset
can be found in Appendix A. It can simply be concluded that the models perform
better on the test set by being trained on the entire dataset which results in a better
overall correlation between the metrics and the average IoU.

For each of the following metrics, a graph can be observed. On each graph, there is
a curve representing the average of the three IoUs obtained by each model in the
ensemble on the test set images. In fact, this average IoU is calculated for each image
of the test set. These average IoUs are then sorted in order to obtain a more visual
increasing curve, and to be able to observe the behaviour of each metric according
to the prediction quality of the models.
For each metric, a polynomial regression of the metric value is computed. This
regression is of degree 8 and is calculated on the metric values obtained on the whole
test set. The real values of the metric are represented by the green scatter plot on
each graph. This gives an idea of the distribution of the metric in relation to the
actual average IoU value obtained after segmentation.

5.4.1 Entropy
One of the best-known selection metrics is the entropy as presented in Subsection
5.2.1. This entropy is calculated for each pixel and then averaged over the total
number of pixels in the segmentation map. As can be seen in Figure 5.4, this metric
is not suitable for the mass segmentation task. From a theoretical point of view,
since it is a measure of disorder, the highest entropy should be located where the
average IoU is the lowest. As this trend is not observed in this case, it cannot be
considered that there is a correct correspondence between these two measures and
therefore a potentially interesting selection metric.

In Figure 5.4, it can be observed that the entropy curve is relatively flat and even
tends to be higher when the average IoU is positive. Indeed, its correlation with the
average IoU obtained by the three models is around 5 · 10−2. This correlation is very
weak, but more importantly, it is supposed to be negative.
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Figure 5.4: Comparison between entropy metric and average IoU.

One of the ways to improve this metric is to consider the fact that the majority of
the pixel predictions for this task is background related. It may therefore be wise to
use a threshold on the prediction coming out of the models. In practice, a threshold
of 0.2 is applied, thus setting all the predictions below this limit to 0. Thanks to
this, the metric considers that below a prediction of 0.2, the model is certain that
the pixel concerned is related to the background. This metric can focus on the more
mass-related pixel predictions.

Compared to Figure 5.4, the metric represented in Figure 5.5 tends slightly more to
follow the average IoU curve negatively once the models have been able to obtain a
positive IoU. However, this is not sufficient for a good selection. Indeed, according
to Figure 5.5, some images with a fairly high average IoU will be selected, along
with other images that have a zero average IoU.

Figure 5.5: Comparison between entropy metric with threshold and average IoU.
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Given that the aim is to select images that the models have the most difficulty in
predicting, this metric is unlikely to perform well as a selection metric in active
learning.

Another area for improvement is to take into account the size of the mass. As a
matter of fact, by applying the threshold to only consider the pixels related to the
mass prediction, the entropy remains averaged with respect to the total number
of pixels of the segmentation map. This method, therefore, does not allow the
average to be adapted according to the number of pixels with a prediction above
this threshold and thus according to the size of the predicted mass.

In Figure 5.6, the entropy is therefore averaged with respect to the number of pixels
in the segmentation map with a prediction above 0.2. It can be concluded that this
metric does not improve on the previous one although the curve is flatter.

Figure 5.6: Comparison between entropy metric with mass scale and average IoU.

5.4.2 IoU between predictions
The two following metrics attempt to accommodate the segmentation task using
the IoU measure described in Subsection 2.2.4. The first one is an adaptation of
IoU, originally used between two binary images. Indeed, this metric, named IoU
between predictions in this work, calculates the intersection over the union of the
three predictions that come out of the three different models of the ensemble as seen
in Equation 5.4.

IoU between predictions = IoU(P1, P2, P3) = |P1 ∩ P2 ∩ P3|
|P1 ∪ P2 ∪ P3|

(5.4)

where P1, P2 and P3 denote the predicted masks from the three models.
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As can be seen in Figure 5.7, the metric follows the increasing curve of the average
IoU quite well. However, when the models have failed to segment the mass in the
image, it often falls into the same range of values as when the models have a better
prediction. This problem may be related to the fact that being quite similar, the
models can come up with bad predictions that are quite close. The models are wrong
but agree with each other, which results in an IoU between predictions metric being
quite large. This metric has a correlation of around 0.2 with the average IoU.

Figure 5.7: Comparison between IoU between predictions metric and average IoU.

5.4.3 IoU agreement
The second IoU-based metric is called IoU agreement in this master thesis. Indeed,
the agreement between the models is calculated two by two by computing the IoU
between each possible pair of models. These agreements are then averaged to obtain
a value between 0 and 1 as can be seen from Equation 5.5.

IoU agreement = IoU(P1, P2) + IoU(P1, P3) + IoU(P2, P2)
3 (5.5)

where P1, P2 and P3 denote the predicted masks from the three models.

From Figure 5.8, the same conclusions as for the previous metric can be drawn.
Firstly, its correlation with the average IoU is similar to that obtained for the IoU
between predictions. Second, the metric also often falls into the same range of data
when the models are wrong and when they obtain a positive average IoU. Finally,
from a numerical perspective, the correlation between these two metrics is even
higher than 0.9.
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Figure 5.8: Comparison between IoU agreement metric and average IoU.

Based on the conclusions drawn for the IoU agreement and IoU between predictions
metrics, it might be interesting to look at the certainty of the models.

5.4.4 Addition of an uncertainty factor
As stated in the previous subsection, the main problem with IoU-based metrics is
that when models agree with each other but are wrong, metrics will tend to be quite
high and therefore images related to this prediction error will not be selected for
labelling. To overcome this issue, a factor directly related to the uncertainty of the
model prediction is calculated to multiply it with the IoU-based metrics.
To do this, a threshold of 0.2 is applied, as in the first attempt to improve the entropy
metric (Subsection 5.4.1), in order not to take into account the small uncertainty
related to the background. Once this threshold is applied, the predictions above 0.2
(the pixels for which the model is not certain they are related to the background) are
then averaged. This is equivalent to summing the entirety of the pixel predictions
in the segmentation map, after applying the threshold and dividing this sum by
the number of pixels with a prediction above 0.2. Each IoU-based metric is then
multiplied by this factor.

In Figure 5.9, the result of the IoU between predictions metric multiplied by the
uncertainty factor presented above can be seen. It can clearly be stated that the
problem encountered in Subsections 5.4.2 and 5.4.3, when models agree with each
other but are wrong, has been largely reduced with the help of this uncertainty factor.
Indeed, in this case, the range of returned values when the models obtain a better
prediction is clearly distinguished. In fact, using this selection metric in an active
learning model, the images best segmented by the models should not be selected for
labelling in the first iterations. The correlation between this metric and the average
IoU now rises above 0.6.
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Figure 5.9: Comparison between IoU between predictions metric with uncertainty
factor and average IoU.

From Figure 5.10, the same conclusions as above can be drawn with the IoU agreement
metric multiplied by the uncertainty factor. Actually, the correlation between this
metric and the IoU average reaches 0.65 and the correlation between the two IoU-
based metrics with the multiplication of the uncertainty factor approaches 0.95.

Figure 5.10: Comparison between IoU agreement metric with uncertainty factor and
average IoU.

Although the two metrics finally presented are very similar, the IoU agreement
metric tends to be preferred. Indeed, under the circumstances of these tests, IoU
agreement obtains slightly higher correlations with the average IoU than IoU between
predictions, and above all IoU agreement appears to be a more reliable metric. In
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practice, if one of the three models fails to segment the images correctly, the IoU
between predictions metric will tend to come out with zero values. In fact, even if
the other two models segment the mass perfectly and agree with each other, the
intersection of the three predictions will be zero if the first model has failed to
segment it. This will not happen with the IoU agreement metric. Indeed, if one of
the models does not agree with the two others that correctly segment the mass, the
metric will of course be decreased compared to a general agreement but will not fall
to zero. The images selected first will therefore be those where the three models
disagree with each other and not if only one disagrees.

An illustration of the improvement of the IoU agreement metric through the uncer-
tainty factor can be seen in Figures 5.11 and 5.12. In Figure 5.11, a mammogram
and its corresponding mask, segmenting the breast mass, can be observed. This
ground truth mask is found in Figure 5.12 followed by the masks predicted by the
three models of the method. It can be noticed that all three models predict similar
segmentations, which however do not correspond to the ground truth. From Table
5.1, it can be concluded that when this case occurs, the IoU agreement metric is
quite large, which corresponds to the problem encountered in Subsection 5.4.2. The
addition of an uncertainty factor to the metric, drastically reduces this problem
by greatly decreasing the value of the metric. Unlike the simple IoU agreement
metric, the IoU agreement metric with the addition of the uncertainty factor is not
represented with the same scale as the average IoU. Nevertheless, the last conclusion
is still valid as it can be observed on the two y-axes in Figure 5.10 that the ratio
between the two scales tends to be close to 2.

Figure 5.11: Full mammogram and associated ground truth.

Figure 5.12: Ground truth and masks predicted by the three models from full
mammogram in Figure 5.11: wrong segmentation.
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IoU agreement withMetric Average IoU IoU agreement uncertainty factor
Metric value 6.58 · 10−18 0.461 0.098

Table 5.1: Metrics values associated to the predicted masks in Figure 5.12.

Further illustrative examples can be found in Appendix B.

5.4.5 Choice of selection metric
Several metrics were evaluated to find the one that would perform best at selecting
judicious data for annotation for semantic breast mass segmentation tasks.

First, the entropy metric was studied but did not seem suitable for the breast mass
segmentation task of this work. Even with attempted improvements such as the
application of a threshold to focus only on the predictions of the mass-related pixels,
or another threshold to take into account the size of the mass, the entropy achieves
a very low correlation with the average IoU.
Second, the metrics of IoU between predictions and IoU agreement were evaluated,
but it appears that when models are wrong, they often agree with each other, thus
obtaining a fairly large metric value.
Finally, an uncertainty factor was added to the two IoU-based metrics in order to
overcome their common issue. It appears that the addition of this uncertainty factor
largely reduced the problem for both metrics. It was also confirmed with an increased
correlation with the average IoU. However, the IoU agreement metric tends to be
preferred due to its slightly higher correlation with the average IoU, but above all its
reliability.

5.5 Application of the ensemble-based active learn-
ing method

As a final step, it was decided to test the preferred selection metric, the IoU agreement
metric with the addition of the uncertainty factor, in an active learning application.
For this purpose, the performances of three different methods are compared. These
are the single random selection as well as the two ensemble-based active learning
methods with random selection and with the preferred selection metric. The models
start with a dataset of 200 images and the training set is increased by 50 images at
each iteration. The experiment is repeated three times.

In Figure 5.13, it can be observed that the ensemble method with the preferred
selection metric did not outperform the single random selection approach. Moreover,
it even tends to be less performing than the ensemble method with random selection.
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Figure 5.13: Comparison between ensemble-based methods and random selection.

The fact that the preferred selection metric does not perform better than random
selection can potentially be explained by several reasons.
One possible reason for this observation is that by using a selection metric rather
than random selection, the metric relies on model predictions. Actually, it can be
seen that the performance achieved by the model remains limited and therefore it
may be counterproductive to rely on it. According to the graphs present in Section
5.4, the models return a false prediction on almost half of the test set images. This
means that they probably fail to get a correct prediction on a large proportion of
the unlabelled dataset. The selection behaviour of this method therefore seems
unpredictable.
Still on the subject of model performance, the latter does not tend to increase
significantly with the addition of new images to the dataset. It may therefore be
more complex for the model to learn faster through the selection of interesting images
if the learning of the model tends to saturate anyway. This could be further explained
by the difficulty of the task, as a lot of data might be needed to extract the complex
patterns required to find and diagnose a breast mass.
Another reason, which could affect the performance of this selection metric, is the lack
of image diversity. Therefore, an approach that gathers several aspects of selection
may be interesting to study, such as a combination of uncertainty and diversity
metrics.

5.6 Summary of Chapter 5
Active learning is based on the idea that if the learning algorithm can select the data
it wants to learn from, it will achieve better performance than traditional random
selection, while using less training data.
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One of the best-known uncertainty-based active learning methods is the ensemble
approach. This was applied with a random selection of new images for labelling.
However, several intelligent selection metrics exist in order to select images that could
potentially provide more strategic information to the model and thus improve its
performance compared to random selection. The study of some selection metrics was
developed in an attempt to find the one that would perform best in the breast mass
segmentation task of this work. To do so, different types of metrics were investigated:
entropy-based and IoU-based metrics. Entropy did not seem to be suitable for the
breast mass segmentation task in this work. Indeed, even with attempts to improve
it, the correlation obtained with the average IoU remained extremely low. The other
two IoU-based metrics appeared to be fairly equivalent. However, the IoU agreement
metric, with the addition of an uncertainty factor, tended to be preferred due to its
slightly higher correlation with the average IoU and above all its reliability.
Then, once this selection metric was chosen, the ensemble-based active learning
method was applied. The results showed that the ensemble method with random
selection outperformed the preferred selection metric approach, which did not improve
on simple random selection.
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Discussion and conclusion

This final chapter attempts to cover the main limitations encountered in this master
thesis as well as to discuss possible points of improvement and directions for future
work.

6.1 Limitations and possible improvements
One of the biggest and probably most encountered limitations in deep learning
applied to breast cancer is the size of the available datasets. Although this master
thesis focuses on self-supervised and active learning methods, both aiming to limit the
need for labelled images, it is currently impossible to achieve the same performance
with a dataset of just over 1000 images as with a dataset containing millions of
images. Indeed, large amounts of data are often necessary for effective learning,
whereas a lack of data can lead to poor performance and no reliable results. In other
words, if the model is poorly or insufficiently fed, it is not surprising to get poor
results. This data scarcity problem is even more important with large architectures,
which are more data-hungry. Nevertheless, these deep models are needed to extract
complex features, in order to perform difficult tasks such as the one performed in
this work. Consequently, as previously explained in Section 4.3, small datasets are
more likely to suffer from overfitting and therefore the model fails to generalise the
information it learns from the training dataset. A possible solution to this problem
could be to use data augmentation aiming at artificially enlarging the dataset. This
technique was used in this master thesis, as explained in Section 4.3. Unfortunately,
although this helped to slightly reduce the overfitting problem, it was not sufficient
to overcome the lack of data.
Moreover, beyond the lack of data, the lack of high quality and/or diverse data is
also an issue. For instance, most mammography datasets are primarily based on
white women’s breasts, which has an impact on the performance of the model for
women of other races [178]. For all these reasons, a large, diverse and qualitative
dataset is necessary for effective learning and thus for achieving good performance.

The availability of pretrained weights for download has been a great help due to
the computational power limit. However, not having this computational power to
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perform the pretraining of models in this work involves some drawbacks. Indeed,
although ResNet was chosen directly as a reference model throughout Chapters 4
and 5, the choice of the ResNet depth was still guided by the weights available. It
was thus impossible to choose the depth of the architecture and to compare them
with each other for self-supervised learning on different datasets. This comparison
could have been interesting in order to study the usefulness of deeper and therefore
more complex models. Indeed, if when comparing the performance of a ResNet18
and a ResNet50 no improvement can be observed, ResNet18 will tend to be preferred
because of its lower complexity and faster training. The only way to overcome
this limitation is to directly perform the self-supervised pretraining tasks instead of
using pretrained weights. However, given the highly time-consuming aspect of such
training, this approach is not always adapted to the timing of a master thesis, as
was the case for this work.
In addition, by taking pretrained weights, it is impossible to modify the pretraining
model. In some cases, the pretext tasks are not effective and not adapted to the
final task. Indeed, as previously mentioned in Subsection 4.4.2, conventional self-
supervised learning pretext tasks are adapted to the presence of dominant objects
in natural images and will therefore lead to more difficulty in extracting pathology-
related features that are often represented by subtle and small-scale phenomena. For
this reason, instead of using pretrained weights, it can be worthwhile to perform the
self-supervised pretraining tasks, in order to be able to modify them. With these
modifications, their training can be better adapted to the task at hand or to the
dataset used and thus benefit more widely from the contribution of self-supervised
learning. For instance, as mentioned in Section 3.3, such an approach has already
been applied by adapting the original MoCo data augmentation strategy to better
suit the chest X-ray models [127].

Apart from the limitations of this work, some aspects could have possibly obtained
more robust results but were not pursued further due to time constraints. these may
open the discussion on possible improvements.

The first example of possible improvement concerns the ensemble-based active
learning methods. Firstly, more complex approaches, such as those explained in
Subsection 5.3.1, could be used to create more diverse ensembles with the same
architecture. Secondly, in this work, the ensemble is composed of a single type of
model (ResNet18). However, some authors believe that diverse ensembles, made up
of different architectures, are more likely to build a better performing ensemble [173].
This can be explained by the fact that if models are based on different principles,
they would therefore potentially provide complementary information and different
points of view. For instance, one base learner might capture certain patterns during
training that another will not. Building an ensemble based on different types of
models could therefore contribute to a better overall segmentation.

Another point of discussion about active learning is its time-consuming aspect. As
a matter of fact, at each iteration, the models are trained from scratch, which
drastically increases the compilation time of this method. It could be envisaged to
save the models before adding the new labelled data and to only fine-tune them [179].
However, this approach cannot be applied without studying the consequences. Indeed,
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the last images selected will have been seen far fewer times by the models during the
training than the starting subset of the dataset, which may lead to different results.
Another possibility could be to fine-tune the model only with the newly added
labelled data. However, this approach cannot be applied blindly either because it
could lead to the problem of catastrophic forgetting [180]. This issue arises when the
model tends to forget what it has previously learned. In other words, if the model no
longer sees the first selected images, it will tend to forget what it has learned from
them.

As a further point of improvement, in Subsection 4.4.2, self-supervised pretraining
on ChestXpert showed a tendency to perform better than supervised pretraining on
ImageNet with a subdivision of the dataset. This same approach could have been
taken for the self-supervised learning methods applied to ResNet50 in the second
experiment of Subsection 4.4.1, to see if the same trend could be observed. As
mentioned earlier, this trend is an encouraging result for the use of active learning,
as it starts with a small labelled dataset, which then gradually increases over time.
Thus, this may indicate a possible benefit of using self-supervised pretraining to
facilitate the training of the active learning model. In practice, the self-supervised
pretrained weights would be transferred to an active learning model, in order to
potentially improve the performance of the latter and enable it to select better
data for its training. This approach has already been used in [181] and has been
combined with the previous point of improvement: fine-tuning the model at each
step of active learning rather than retraining it from scratch (or from pretrained
weights of self-supervised learning in this case). According to the authors, this would
allow the active learning model to perform better. In addition, the pretext task, used
in the pretraining, was designed to fit the final task, and the algorithm for selecting
new images to be labelled was also studied. On this basis, it can be said that the
combination of several answers to the limitations encountered in this work could be
grouped and investigated, in order to potentially obtain a more efficient model.

Finally, mass segmentation is performed on the whole image and not on a cropped
image resulting from a previous detection task (manual or automatic). However,
in the literature, many studies [71, 78, 80, 83] start from a cropped image of the
abnormality, which could facilitate the segmentation and allow to obtain better
performances than in this master thesis. An improvement could therefore be to
include a detection system preceding the segmentation task or to start directly from
cropped images.

6.2 Future work
Machine learning is a burgeoning field that has been changing continuously in recent
years. Researchers are constantly looking for new methods and there are still many
challenges to be met. Specifically, regarding the topic of this thesis, two possible
areas may be worthy of future work.

First, one possible approach would be to focus on active learning methods designed
specifically for semantic segmentation. Indeed, most active learning approaches
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ignore the difficulty of segmenting different semantic areas. Nevertheless, it can be
judicious to measure uncertainty by taking into account the difficulty at the semantic
level, rather than at the pixel level as is the case in the entropy metric studied in
Subsection 5.4.1. Xie et al. [182] therefore proposed a network specifically designed
for semantic segmentation tasks, called Difficulty-awarE Active Learning (DEAL),
which takes segmentation difficulty into account. In traditional approaches, if an
image has many uncertain pixels related to the easiest classes, this image will be
selected for annotation. Conversely, with DEAL and its difficulty map, the easiest
semantic areas will be removed while the most difficult semantic areas will be kept.
For these reasons, focusing on an active learning approach directly designed for
semantic segmentation tasks could be beneficial to better take into account the
specificities of this task.

Second, another potential future work would be the combination of active learning
and self-supervised learning in an attempt to improve the overall performance of the
model.
Once a performing active learning model for breast mass segmentation has been
obtained, its combination with self-supervised pretraining could be studied. Indeed,
as both approaches aim at reducing the labelling effort, they could potentially benefit
from each other. This combination can greatly improve the usefulness of unlabelled
data. In fact, it is possible to pretrain the backbone in a self-supervised way on the
same unlabelled dataset as used for the active learning training. The pretrained
backbone weights can then be transferred and only fine-tuned at each active learning
iteration. This method has been applied in [183] and, according to the authors,
the combination of active learning and contrastive learning outperforms traditional
active learning methods. This shows that it can therefore be fruitful to exploit the
unused potential of unlabelled data via self-supervised learning, in order to improve
the algorithm. This approach seems to achieve better performance, probably due to
the better representation of features learned by the model during its self-supervised
pretraining on the unlabelled dataset.

6.3 Conclusion
In this master thesis, two approaches aiming at reducing the labelling effort were
investigated for breast mass segmentation. First, regarding self-supervised learning,
the performance improvement of self-supervised compared to supervised pretraining
are non-significant. However, it is interesting to note that self-supervised learning
still seems to obtain slightly better performance with a smaller training dataset.
These slight results can probably be improved by performing pretraining, and thus
modifying the pretraining model oneself to best fit the final task. These same results
also give an insight into the potential benefit of using self-supervised pretraining to
facilitate the training of the active learning model.
Second, concerning active learning, selection metrics have been studied to best suit
a breast mass segmentation task. When the preferred selection metric was tested
in an active learning application, the ensemble method with this metric did not
outperform the single random selection approach and was less performing than the
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ensemble method with random selection. Points of improvement could be to enhance
the active learning algorithm by testing different ways to create the most diverse
possible ensemble, as well as trying to combine active learning and self-supervised
learning. Therefore, there is much room for improvement and further work, and it
would seem that self-supervised learning and active learning still have much to offer
in the coming years given their potential and their complementary approaches.
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Appendix A

Selection metrics experiments with
the entire dataset

The same experiments, as those carried out for the study of the best selection metric
(Section 5.4), were conducted with the entire dataset.

Generally speaking, it can be observed that the models perform better on the test set
when being trained on the entire dataset than on 200 images. This is also reflected
in a better overall correlation between the different metrics and the average IoU.

A.1 Entropy
With a training on the entire dataset, the entropy metric seems more reliable. Indeed,
the expected negative correlation with the average IoU is now around -0.5. In
addition, as already observed in Subsection 5.4.1, the tendency of the entropy curve
to decrease as the average IoU increases is confirmed in Figures A.1, A.2 and A.3.

Figure A.1: Comparison between entropy metric and average IoU.

89



Figure A.2: Comparison between entropy metric with threshold and average IoU.

Figure A.3: Comparison between entropy metric with mass scale and average IoU.
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A.2 IoU between predictions

Figure A.4: Comparison between IoU between predictions metric and average IoU.

A.3 IoU agreement

Figure A.5: Comparison between IoU agreement metric and average IoU.
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A.4 Addition of an uncertainty factor
Actually, the uncertainty factor is no longer of much use. Indeed, since the models
perform better on the test set, the problems when the models agree but are wrong,
encountered in Subsection 5.4.2, no longer seem to be present in this case.

Figure A.6: Comparison between IoU between predictions metric with uncertainty
factor and average IoU.

Figure A.7: Comparison between IoU agreement metric with uncertainty factor and
average IoU.

92



Appendix B

Ensemble predictions and
associated selection metric values

Various illustrative examples are presented in this Appendix. However, the case
where one model is wrong and the other two agree and correctly predict the mask
rarely occurs. Indeed, the models being very similar, they would not tend to converge
towards totally divergent predictions.

B.1 Wrong predictions and correct agreement
In the case where the models agree with each other but are wrong, the IoU agreement
metric is very high compared to the average IoU value. It can be observed in this
section that adding an uncertainty factor to the metric drastically reduces this
problem by decreasing the value of the metric significantly.

B.1.1 First example

Figure B.1: Full mammogram and associated ground truth.
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Figure B.2: Ground truth and masks predicted by the three models from full
mammogram in Figure B.1.

IoU agreement withMetric Average IoU IoU agreement uncertainty factor
Metric value 1.92 · 10−17 1.0 0.0574

Table B.1: Metrics values associated to the predicted masks in Figure B.2.

B.1.2 Second example

Figure B.3: Full mammogram and associated ground truth.

Figure B.4: Ground truth and masks predicted by the three models from full
mammogram in Figure B.3.
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IoU agreement withMetric Average IoU IoU agreement uncertainty factor
Metric value 4.62 · 10−18 0.333 0.028

Table B.2: Metrics values associated to the predicted masks in Figure B.4.

B.2 Correct predictions and agreement
It can be observed, in this section, that there is a disadvantage to adding the
uncertainty factor. Indeed, in some cases, the uncertainty factor greatly reduces the
value of the metric when the average IoU is high.

B.2.1 First example

Figure B.5: Full mammogram and associated ground truth.

Figure B.6: Ground truth and masks predicted by the three models from full
mammogram in Figure B.5.

IoU agreement withMetric Average IoU IoU agreement uncertainty factor
Metric value 0.440 0.395 0.082

Table B.3: Metrics values associated to the predicted masks in Figure B.6.
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B.2.2 Second example

Figure B.7: Full mammogram and associated ground truth.

Figure B.8: Ground truth and masks predicted by the three models from full
mammogram in Figure B.7.

IoU agreement withMetric Average IoU IoU agreement uncertainty factor
Metric value 0.749 0.686 0.166

Table B.4: Metrics values associated to the predicted masks in Figure B.8.
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