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Chapter 1

Introduction

1.1 Problem statement

Colorectal cancer (CRC) is the third leading cause of cancer-related deaths
in men and women, and the second most common cause of cancer deaths in
the world when men and women are combined, with nearly 1 million patients
who die every year [H.Sung 2021]. CRC is characterized by the unchecked di-
vision of abnormal cells in the colon or rectum. Most of the time it begins as
a polyp, which is a noncancerous growth that develops in the mucosal layer of
the colon or rectum. Once a polyp progresses to cancer, it can grow into the
wall of the colon or rectum where it may invade blood or lymph vessels that
carry away cellular waste and �uid (Figure 1.1). Cancer cells are then spread
to other organs and tissues, forming tumors [Society 022].

Figure 1.1: Stages of colorectal cancer growth originated by a polyp. Source:
Terese Winslow, U.S. Govt.

The death rate (the number of deaths per 100,000 people per year) from
colorectal cancer has been dropping for several decades as a result of perform-
ing early screening tests on potential patients [Society 022]. Colonoscopy is
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the gold-standard screening procedure to inspect the large intestine. It is per-
formed using a hand-held �exible tube device called a colonscope, which has a
high de�nition camera mounted at the tip of the scope. The visual data that
the camera feeds to the screen helps to evaluate, biopsy, and remove mucosal
lessions (Figure 1.2). With such immense utility, colonoscopy has moved at the
forefront of making colorectal cancer an early detected disease [Stau�er 022].

Figure 1.2: During a colonscopy, the doctor inserts a colonoscope into the
rectum to check the entire colon. Source: Mayo fundation for medial education
and research.

Despite these improvements, seven to nine percent of colorectal cancers still
occur due to missed polyps or incompletely removed polyps during colonscopy
[S.J. Winawer 1993]. Adenoma detection rate (ADR; percentage of screen-
ing colonoscopies with at least one adenoma found) is a reportable rate of
the endoscopist's ability to �nd adenomas, the most prevalent precancer-
ous polyp, and is inversely related to the risk of interval colorectal cancer
[Liem 2018]. Unfortunately, ADR varies widely (7% - 53%) among colono-
scopies [D.A. Corley 2014]. ADR depends mostly on the skill and experience
of the colonoscopist, as well as characteristics of each patient, and procedural
factors [Moreno 2018].

Several novel technologies have been developed to improve ADR. For in-
stance, advancements in endoscope design, developments in accessories and
new image enhancement techniques (Figure 1.3). Not only the introduction of
sophisticated machinery [Bond 2015], but the developments in arti�cial intel-
ligence (AI), and specially deep convolutional networks, have made computer-
aided diagnosis (CAD) a promising path towards medical automation.
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Figure 1.3: Digital chromoendoscopy. Advances in endoscope technology that
manipulate wavelengths of the light to accentuate lesion characteristics.
Source: World J Gastrointest Endosc.

However, there are some drawbacks that cast doubt on the capability of
CAD and its adaptation to the medical system. First of all, some methods
are built from a theoretical model of polyp appearance [Tajbakhsh 2015], and
therefore limited to certain polyp morphologies which may not correspond
to the scene where polyp appearance varies greatly. Secondly, AI systems
are trained to solve only one single and narrow task. In contrast to a human
endoscopist, these systems cannot use holistic information about the patient to
elaborate a �nal diagnosis, re�ecting the idea of weak AI [Wittenberg 2020].
Thirdly, many models do not consider the presence of other elements such
as folds or blood vessels that can a�ect their performances [Bernal 2015].
Last but not least, many methods have been trained and tested on good
quality image frames which might cause instability when working with real
time visibility conditions.

1.2 Project objectives

The main objective of this project is to use deep learning methods to train
a system capable of detecting polyps on colonoscopy images to test the ability
of computer-assisted image analysis. To this end, the gradual achievements
that must be accomplished are:

ˆ Acquiring a thorough knowledge of deep learning theory and their work-
ing applications.
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ˆ Analyzing data from colonoscopies and understanding its most impor-
tant features.

ˆ Developing a CAD system to detect polyps on colonoscopy images.

ˆ Optimizing the parameters involved in training.

ˆ Comparing results from di�erent approaches and combining them to get
a more accurate model.

1.3 Statement of originality

The thesis presented here for examination for a BSc degree from the Uni-
versity of Girona is solely my own work and it was developed in collaboration
with the Institute for Genomics and Bioinformatics at the University of Cal-
ifornia, Irvine. No other sources than those mentioned in the text and its
references have been used in creating it.

1.4 Personal motivation

I wanted this project to be a combination of two personal interests. On one
hand, I studied computer engineering because I have always been intrigued
by the human reasoning, and found in machines a new paradigm for exploring
this area. Also, I have been accepted to a master program in Arti�cial Intel-
ligence at Stockholm University. Hence, this project was a nice way to start
learning more advanced concepts of AI.

On the other hand, I am very interested in everything related to health
and nutrition. I �nd it fascinating how the body heals and �ghts disease, as
well as how genetic a�ects health. That is the reason why I chose the Institute
for Genomics and Bioinformatics as the group to help me conduct this project.
Besides the use big companies do of AI, I wanted to explore its applications
in Science.

1.5 Outline

This project is structured into multiple chapters that provide a guidance
to the problem of detecting polyps in colonscopy images:
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ˆ Introduction: First chapter presents the problem of detecting polyps
in colonoscopy and its relation with colorectal cancer. It states the ob-
jectives expected to be accomplished, the personal motivation behind it
and the structure followed in this document.

ˆ Feasibility study: A hypothetical study of the technical, economical
and legal part of the project.

ˆ Methodology : It o�ers a description of the methodology used in the
development of this project.

ˆ Thesis planning: This chapter shows the distribution of tasks bearing
in mind the available time.

ˆ Background theory: The aim of this chapter is to provide a brief
explanation of the theoretical concepts to understand the experiments.

ˆ Studies and decisions : This chapter provides a description of the
system requirements and presents the hardware and software necessary
for the experiments.

ˆ Analysis and design : The purpose of this chapter is to analyze the
components of the research and propose a design that structures every
part.

ˆ Implementation and results This chapter is devoted to describe the
software implementation, present the results from the tests realized and
compare them among all the models.

ˆ Conclusions : This chapter is a summary of the achievements, including
the di�culties faced during the process.

ˆ Future work : This chapter o�ers an overview of the future work that
could be done to improve the project.

ˆ Installation manual : This appendix is a guide about how the environ-
ment must be set up in order to run the software.



Chapter 2

Feasibility study

Before developing any project, it is important to analyze relevant factors
to ascertain the likelihood of completing the project successfully.

The challenge of machine learning (ML) systems is the di�culty of estimat-
ing how complex it is to develop, deploy and maintain a model. Nevertheless,
since this project is merely based on a research component, the study is fo-
cused on whether it is feasible to solve the problem satisfactorily using deep
learning with the available data and resources.

2.1 Technical study

Everything starts with research, a living part that evolves and solidi�es as
further investigation is carried out. Although it is not possible to ensure that
all the objectives will be accomplished, there are two critical foundations that
need to be considered beforehand [Kohli 2017]:

ˆ De�ning the use case

An ideal use case de�nes a project which is speci�c, measurable, and
achievable, and has well-de�ned users and value.

Use cases for medical purposes vary considerably. Academicians may be
satis�ed with �nding e�cient answers that result in publications and
further funding. In contrast, industry desires to make ML models that
work in disparate online production environments.

The outline of this project does not include the commercialization of a
product or a service. As it has been mentioned before, it has an academ-
ical outcome. Therefore, the technical study is based on analyzing which
technology and equipment are necessary for carrying out experiments in
the most e�cient way.

ˆ Importance of the dataset

Well-annotated datasets that cover the entities described in the use case,
including normal cases and those with pathology ranging from very subtle
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�ndings to very severe are crucial to training accurate, generalizable
models.

Not only the quantity but also the quality of the data plays a major role
in making a project like this one succeed. It is not possible for any deep
learning model to learn without data. Hence, it is crucial to spend time
on acquiring an ideal image dataset which has adequate data volume,
annotation, truth, and reusability.

Computer-based image recognition and analysis require high-quality
data. The goal is to obtain data from a wide range of patient popu-
lations so the dataset is diverse and accurately re�ects representative
disease states and outcomes. Frequently, many healthcare organizations
contact medical experts to review and label data to guard against inac-
curate labels and ensure that a dataset is meaningful, like in this project.
However, depending on the imaging modality, non-clinicians trained to
spot abnormalities may label images as normal or suspect and then clin-
icians review only the subset of suspect images.

2.2 Economical study

2.2.1 Equipment cost

The equipment cost makes reference to the amount of money spent on any
hardware and software licence required in this project.

The hardware and software components are listed in Table 2.1 along with
the units and costs.

Component Units Unit price Cost
Computer 1 $1,322.43 $1,322.43
Software(TensorFlow, Sklearn, etc) 1 $0 $0
Total $1,322.43

Table 2.1: Equipment cost.

Something to bear in mind is that, in an hypothetical case, a team formed
by multiple researchers would be working on this project. Consequently, more
equipment would be needed. At the same time, it would be great if the group
disposed of a server with GPU clusters.
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2.2.2 Human resources

This section shows a hypothetical case where multiple work pro�les con-
tributed to the project and how much each service cost, even though in reality
everything was done by one person.

Roles:

ˆ Data Analyst

One of the responsibilities of a data analyst is to acquire data from
primary or secondary data sources and maintain databases.

The average hourly wage for a data analyst in the United States is
$35.80.

ˆ Research Scientist

A research scientist usually has some specialized knowledge in natu-
ral language processing (NLP), statistics, computer vision, speech, or
robotics and they acquire it through a Ph.D. or extensive research ex-
perience.

The average hourly wage for a mid-level computer and information re-
search scientist in the United States is$61.72.

ˆ Data engineer

A data engineer implements, tests, and maintains infrastructural com-
ponents for proper data collection, storage, and accessibility. Besides
working with big data, building and maintaining a data warehouse, a
data engineer takes part in model deployment.

The average hourly pay for a data engineer in the United States is
$54.98.

Table 2.2 shows each task, together with the pro�le assigned to carry it
out and the estimated cost.
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Task Pro�le Time Cost
Data collection Data Analyst 30h $1,074.00
Data pre-processing Research Scientist 20h $1,234.40
Data analysis and visualization Research Scientist 20h $1,234.40
Model development Research Scientist 140h $8,640.80
Model training Research Scientist 60h $3,703.20
Model optimization Research Scientist 20h $1,234.40
Deploy the model Data engineer 50h $2,749.00
Documentation Research Scientist 90h $5,554.80
Total 430h $25,425.00

Table 2.2: Human resources estimated cost.

In conclusion, the estimated total cost is $25,425.00 + $1,322.43 =$26,747.43 .

2.2.3 Legal study

Legal issues have become a signi�cant part of medical imaging. It is espe-
cially di�cult to share and distribute medical data due to privacy concerns
and potential abuse of personal information. To overcome these limitations,
in the last few years, research collaborations have started to promote sharing
patient data thanks to de-identi�cation methods. However, before working on
projects which involve medical imaging, it is important to analyze the obliga-
tions regarding the protection of individuals and their personal data.

Regarding this project, there was no legal regulation applied because the
images used were totally anonymous. In other words, it is impossible to tell
to whom the image belongs, and it is impossible to guess gender, ethnicity
or age. For example, in the case of working with DNA, face pictures or bone
scans, it would be required to apply de-identi�cation methods or stipulate
which legal privacy was going to be followed.
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Methodology

This chapter describes the methodology employed in this project. Due to
the strong research component, it has followed an iterative and incremental
evolution which starts with the formulation of a question, and continues with
carrying out experiments based on deductions until reaching a conclusion.

3.1 Methods

In this project, we have designed and trained deep convolutional neural
networks (CNN) to detect polyps using a representative set of 2,000 hand
labeled images from screening colonoscopies collected from over 2,000 patients.
The outputs of the best models have been combined to power up the accuracy
in detecting polyps. Figure 3.1 shows in which high-level tasks the research
has been split into.

Figure 3.1: Life cycle of the research. Each phase is later concreted in multiple
tasks.
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3.2 Development

The methodology adhered to this project is based on developing an ongoing
process which represents the previous methods. The di�erent steps are:

1. Stating the problem and the objectives of the research.

2. Doing background research in previous publications attacking the same
or similar problems.

3. Deciding on a programming language and framework.

4. Learning about the tools that are going to be used.

5. Dividing the project into smaller tasks.

6. Selecting one task.

7. Studying how to implement that part.

8. Implementing the task.

9. Questioning whether the results ful�l the expectations or not.

ˆ The resultsare not the ones expected . Hence, go back to point
7.

ˆ The resultsare the ones expected . Hence, go to point 10.

10. Storing the necessary data and representing the results in a clear and
appealing way.

11. Selecting another task.

ˆ There are more tasks left . Hence, go back to point 6.

ˆ All the tasks have been completed . Hence, go to point 12.

12. Combining all the results to come up with a conclusion.

13. Writing down the report.

Figure 3.2 illustrates the previous process by making use of a diagram.
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Figure 3.2: Activity diagram describing the employed methodology.



Chapter 4

Thesis planning

This thesis was developed under a Balsells Mobility Fellowship, a fellowship
awarded to seven Catalan engineering students to conduct their Bachelor's or
Master's thesis at the University of California, Irvine. Concretely, this research
work was conducted at the Institute for Genomics and Bioinformatics, under
the guidance of Dr. Pierre Baldi and Amin Tavakoli (MSc) from February 21st
to June 9th, 2022.

The following subsections describe the tasks involved in this thesis and an
estimated timeline table to help visualize the distribution of days in which
they were expected to be completed.

4.1 Planned tasks

Searching of existing literature
Before embarking on the actual work, a week was designated to perform

a thorough search of existing literature, which helped to put the proposed
research in better perspective. It included reading papers and previous thesis
related to polyps detection using CNN or with a similar focus.

Setting up the environment
The next week was mostly devoted to evaluate which frameworks and

programming technologies could be of great use to implement deep learning
models. It resulted in setting up the machine with a suitable environment
before the experimental phase.

Acquiring working knowledge: TensorFlow
After deciding to use TensorFlow and Keras, it took around two weeks to

get familiarized with them by customizing a CNN to classify a small batch of
polyps and non-polyps images. It was a good practice to understand better
the theoretical background behind CNN.
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Customizing a CNN from scratch
More preliminary experiments were carried out in the following weeks of

March. This was the time to improve the already built CNN and investigate
ways to deal with over�tting. It was also possible to acquire more data.

Fine-tuning a pre-trained model: VGG16
The �rst two weeks of April were meant to �ne tune the �rst pre-trained

model; VGG16. It included analyzing which hyperparameters worked better,
such as which layers unfreeze, which was the optimal learning rate, etc.

Fine-tuning a pre-trained model: ResNet50
A similar process as the one discussed before was followed, except that the

model in this case was ResNet50. It took approximately the same amount of
time.

Fine-tuning a pre-trained model: DenseNet121
By the beginning of May, DenseNet121 was the only pre-trained model

left. Two more weeks were spent on �ne-tuning that model and, at the end,
some time was dedicated to present the results of all the models by elaborat-
ing confusion matrices and ROC curves.

Ensemble learning: combining pre-trained models
The aim of that week was to create an ensemble of the three pre-trained

models and spend time on making a comparison of the �nal results.

Writing the report
Although some chapters were written along the process, the last three

weeks were decisive to write the last chapters, as well as making any suggested
changes by the advisors.
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4.2 Estimated timeline

Figure 4.1: Table showing the hours estimated per each task, plus the color
assigned to it.

Figure 4.2: Estimated timeline table. Each task has been scheduled on a 5-
months calendar. Weeks start on Sunday.
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Background theory

This chapter provides an overview of the theoretical concepts that are
crucial for understanding the experiments presented in posterior chapters. It
has been organized in 5 sections, from introductory ideas to more speci�c
ones.

5.1 Arti�cial Intelligence

Less than a decade after decrypting Enigma and helping win World War
II, mathematician Alan Turing made a new question that changed everyone's
life: �Can machines think?�. That question was formulated in his seminal work,
�Computing Machinery and Intelligence� [Turing 1950], which was published
in 1950. There he described how to create intelligent machines and in partic-
ular how to test their intelligence. The Turing Test is still considered today as
a benchmark to identify intelligence of an arti�cial system; a human should
be able to distinguish in a teletype dialogue whether he is talking to a man
or a machine.

The term �AI� could be attributed to John McCarthy of MIT, which Mar-
vin Minsky de�nes as �the construction of computer programs that engage
in tasks that are currently more satisfactorily performed by human beings
because they require high-level mental processes such as: perceptual learning,
memory organization and critical reasoning� (1956). From that point until
the new century, AI experienced ups and downs: years of astonishing achieve-
ments, such as expert systems, in contrast with the well-known AI winters
characterized by �nancial setbacks.

However, since 2010, a new bloom based on massive data and new com-
puting power has boosted AI. It is no longer a question of coding rules, but
of letting computers discover them alone by correlation and classi�cation, on
the basis of a massive amount of data. This situation has led AI to be applied
to multiple �elds, like chemistry and economics. Nowadays, AI branches out
into multiple �les (Figure 5.1).
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Figure 5.1: Sub-specialities of AI by 2021. Source: Bangbit technologies.

5.2 Machine learning

Machine learning is a subset of AI that focuses on the use of data and algo-
rithms to imitate the way that humans learn, gradually improving its accuracy.

Instead of explicitly programming knowledge into computers, machine
learning attempts to automatically learn meaningful relationships and pat-
terns by observing examples. In its most basic form, the machine learning
approach performs the task of acquiring domain knowledge by collecting a
su�ciently large number of examples of desired behaviour for the algorithm
of interest. These examples constitute the training set.

The examples in the training set (Figure 5.2) are fed to a learning algorithm
to produce a trained �machine� that carries out the desired task. Learning is
made possible by the choice of a set of possible �machines�, also known as the
hypothesis class, from which the learning algorithm makes a selection during
training. An example of a hypothesis class is given by a neural network ar-
chitecture with learnable synaptic weights. Learning algorithms are generally
based on the optimization of a performance criterion that measures how well
the selected �machine� matches the available data.
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Figure 5.2: Baseline machine learning methodology.

There are three main classes of machine learning techniques (Figure 5.3):

ˆ Supervised learning

In supervised learning, the training set consists of pairs of input and de-
sired output, and the goal is to learn a mapping function between input
and output spaces. What characterizes supervised learning is that the
data is labeled and the ML algorithm measures its accuracy through the
loss function, adjusting until the error has been su�ciently minimized.
Classi�cation and regression are two major approaches in supervised
learning.

ˆ Unsupervised learning

In unsupervised learning, the training set consists of unlabelled inputs,
in other words, of inputs without any assigned desired output. This type
of learning generally aims at discovering hidden patterns or data group-
ings without the need for human intervention. Unsupervised machine
learning is mainly used in clustering, a task of dividing data into groups
with similar properties.

ˆ Reinforcement learning

Reinforcement learning lies between supervised and unsupervised learn-
ing. In a certain sense, some form of supervision exists, but this does not
come in the form of the speci�cation of a desired output for every input
in the data. Instead, a reinforcement learning algorithm receives feed-
back from the environment only after selecting an output for a given
input or observation. The feedback indicates the degree to which the
output, known as action in reinforcement learning, ful�ls the goals of
the learner.
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Figure 5.3: Main types of machine learning. Source: Machine Learning Tech-
niques for Personalised Medicine Approaches in Immune-Mediated Chronic
In�ammatory Diseases: Applications and Challenges.

5.3 Deep learning

Deep learning is a sub-�eld of machine learning that attempts to reach
conclusions from analyzing data with a given logical structure. In contrast
with traditional machine learning algorithms, deep learning algorithms are
in a higher level of abstraction. They have the capacity of performing the
laborious process of feature extraction. Each algorithm applies a nonlinear
transformation to its input and uses what it learns to create a statistical
model as output. It is done in multiple iterations until the output has reached
an acceptable level of accuracy. The name �deep� comes from the number of
layers that data has to pass through during these iterations.

Deep learning has been successfully applied to several problems; from self
driving cars to speech recognition. In this particular project, deep learning is
used in the task of classifying whether colonoscopy screenshots contain polyps
or not. In order to achieve this, it has been necessary to understand how
convolutional neural networks work, study how to combat some problems that
threaten the precision of these models, and explain which metrics are mainly
used to measure the accuracy of these models.
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5.3.1 Deep Neural Networks

Deep neural networks (DNNs) are a set of algorithms, modeled loosely
after the human brain. DNNs are represented by as a directed acyclic graph
(Figure 5.4) composed by several stacked layers of neurons that attempt to
approximate a certain function. They do so by transmitting a signal from
the input layer to the output layer through hidden layers. A neuron on a
layer has the task of detecting patterns from the incoming connections. The
neuron combines input from the data with a set of coe�cients, or weights,
that either amplify or dampen that input. By doing that, each layer has the
ability of capturing features from the data, and these features become more
sophisticated the deeper the signal goes in the network.

Figure 5.4: Deep feedforward neural network with 2 hidden layers. Two or
more hidden layers comprise a Deep Neural Network

A unit in a layer is seen as a neuron, whereas arrows symbolize connections
between neurons and each one holds a weight. Each node has a value associ-
ated and it is computed as a function of its incoming nodes and edges (Figure
5.5). It is done in the following way: the input-weight products are summed
and then the sum is passed through a node's so-called activation function
that squashes the resulting value between 0 and 1 to determine whether and
to what extent that signal should progress further through the network to
a�ect the ultimate outcome.

A DNN learns by optimizing a loss function that computes the distance
between the current output of the algorithm and the expected output. Gen-
erally, the loss function must be di�erentiable, because many optimization
algorithms rely on the gradient vector. These algorithms try to minimize the
loss function, and Gradient Descent is the most common one.
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Figure 5.5: Architecture of a single neuron in a neural network.

5.3.2 Convolutional Neural Networks

A convolutional neural network (CNN) is a type of neural network com-
monly applied to analyze visual imagery due to its inspiration in the organiza-
tion of animal visual cortex. The innovation of convolutional neural networks
is the ability to automatically learn a large number of �lters in parallel under
the constraints of a speci�c predictive modeling problem, such as image clas-
si�cation. Hence, they are the perfect �t for this project.

A CNN is designed to automatically and adaptively learn spatial hierar-
chies of features through backpropagation by using multiple building blocks.
In contrast to regular neural networks, CNNs use parameter sharing. All neu-
rons in a particular feature map share weights which makes the whole system
less computationally intense. Moreover, CNNs have neurons arranged in 3 di-
mensions: width, height, depth.

There are three main types of layers to build CNN architectures:

ˆ Convolutional layer

This layer is the �rst layer that is used to extract the various features
from the input images, such as edges or some other feature in the image.

The convolutional layer computes the convolutional operation of the
input images using kernel �lters to extract fundamental features. The
kernel �lters are of the same dimension but with smaller constant pa-
rameters compared to the input images. Depth must be the same for
the matrix of inputs and the �lter mask. The �lter mask slides over the
entire input image step by step and estimates the dot product between
the weights of the kernel �lters with the value of the input image, which
results in producing a matrix called the feature map (Figure 5.6).
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Figure 5.6: Example of convolutional operation on input image.

ˆ Pooling layer

A pooling layer is usually incorporated between two successive convo-
lutional layers. The pooling layer reduces the number of parameters
and computation by down-sampling the representation, keeping only
the most important information. Pooling layers help control over�tting
by reducing the number of calculations and parameters in the network.

A form of pooling is max pooling (Figure 5.7)., which is done by applying
a max �lter to non-overlapping subregions of the initial representation.
There are also other forms of pooling: average, general.

Figure 5.7: Example of max-pooling.

ˆ Fully-Connected layer

A fully-connected layer is the last layer in the convolutional neural net-
work. It is called fully-connected because all inputs from one layer are
connected to every activation unit of the next layer. It works as a clas-
si�er that determines to which class an image belongs to and it has as
many neurons as number of classes. The layer receives an input vector,
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and successively applies a linear combination and an activation function
in order to classify the image input. Finally, the output is a vector of
size corresponding to the number of classes in which each component
represents the probability that the input image belongs to a class.

In this project, the last layer has a single neuron with an activation
function such as Sigmoid because it is a binary problem.

Activation functions
As it was already mentioned, an activation function in a neural network

de�nes how the weighted sum of the input is transformed into an output from
a node or nodes in a layer of the network. Technically, the activation function
is used within or after the internal processing of each node in the network,
although networks are designed to use the same activation function for all
nodes in a layer.

The choice of activation function has a large impact on the capability and
performance of the neural network, and di�erent activation functions may be
used in di�erent parts of the model. The most used ones are:

ˆ Recti�ed Linear Activation (ReLU)

ReLU performs a threshold operation to each input element where values
less than zero are set to zero, otherwise, the value is returned.

ˆ Logistic (Sigmoid)

Sigmoid takes any real value as input and outputs values in the range of
0 to 1. The larger the input (more positive), the closer the output value
will be to 1.0, whereas the smaller the input (more negative), the closer
the output will be to 0.0.

ˆ Hyperbolic Tangent (Tanh)

Tanh takes any real value as input and outputs values in the range of -1
to 1. The larger the input (more positive), the closer the output value
will be to 1.0, whereas the smaller the input (more negative), the closer
the output will be to -1.0.

5.4 Methods to combat over�tting

The main goal of any machine learning model is to generalize well. It means
that the target function learnt from the training data should generalize well
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enough to other samples that have not been included in the modelling process.
However, a model can face generalization problems when its capacity is higher
than needed or when its capacity falls behind the complexity of a task. These
problems are known as over�tting and under�tting (Figure 5.8) and they
degrade the performance of the machine learning models.

Figure 5.8: Examples of under�tting, optimum and over�tting. Source: IBM
Garage Methodology.

Under�tting is a state where the model fails to signi�cantly grasp the rela-
tionship between the input values and target variables, generating a high error
rate on both the training set and unseen data. This may be the case when the
model is too simple to capture patterns in the data. Therefore, the �rst thing
to try is to increase the model complexity, for instance by adding hidden layers.

Over�tting is the opposite of under�tting. An over�t model has overly
memorized the data set it has seen and is unable to generalize the learning
to an unseen data set. It results in high error rates on test data. Over�tting
a model is more common than under�tting one and harder to identify. The
following subsections study which methods are useful to avoid over�tting when
training CNNs [Grosse 2020].

5.4.1 Early stopping

Early stopping is an optimization technique used to reduce over�tting
when training a learner with an iterative method, such as gradient descent.
The main idea behind early stopping is to stop training before a model starts
to over�t.

When training, the training error ought to continue improving. The test
error generally improves at �rst, but it may eventually start to increase as the
network starts to over�t. This suggests to stop the training at the point where
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the generalization error starts to increase. Hence, the validation error has to
be monitored during training to determine when to stop.

Figure 5.9: Relationship between the number of epochs and the validation and
training error. (left) Idealized version.(right) Accounting for �uctuations in
the error, caused by stochasticity in the SGD updates. Source: University of
Toronto.

However, implementing early stopping is not so simple because the training
and validation errors �uctuate during training. One common heuristic is to
space the validation error measurements far apart.

5.4.2 Regularization

The basic idea of regularization through the cost function is to penalize the
higher-order polynomials to the extent that the model is still able to represent
the patterns in the data, but it does not get confused by noise. It consists of
adding another term, called a regularization term, or regularizer, which pe-
nalizes hypotheses that are somehow pathological and unlikely to generalize
well.

The total cost, then is:

E(� ) =
1
N

NX

i =1

L (y(x; � ); t)

| {z }
training loss

+ R(� )
| {z }

regularizer

(5.1)

For instance, there are two sets of weights as shown in Figure 5.10 that
make identical predictions in the training set, so they are equivalent. However,
Hypothesis A is better because it is more stable. E.g., suppose the input (x1
= 1, x2 = 0) on the test set; in this case, Hypothesis A will predict 1, while
Hypothesis B will predict -8.
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Figure 5.10: Two sets of weights which make the same predictions assuming
inputs x1 and x2 are identical. (left) Hypothesis A. (right) Hypothesis B.
Source: University of Toronto.

A regularizer that would favor Hypothesis A by assigning it a smaller
penalty is L2. L2 regularization tends to favor hypotheses where the norms
of the weights are smaller. It is de�ned as follows (The hyperparameter� is
sometimes called the weight cost.):

R L 2 (w ) =
�
2

DX

j =1

w2
j (5.2)

5.4.3 Dropout layer

Dropout is a technique where randomly selected neurons are ignored dur-
ing training or �dropped-out� randomly. This has the e�ect of making the
layer look-like and be treated-like a layer with a di�erent number of nodes
and connectivity to the prior layer. This means that the contribution of the
neurons dropped-out to the activation of downstream neurons is temporarily
removed on the forward pass and any weight updates are not applied to the
neuron on the backward pass.

As a neural network learns, neuron weights settle into their context within
the network. Weights of neurons are tuned for speci�c features providing some
specialization. Neighboring neurons rely on this specialization, which if taken
too far can result in a fragile model too specialized to the training data.

Dropout is implemented as per-layer in a neural network that can be used
with most types of layers. It has a hyperparameter that speci�es the probabil-
ity at which outputs of the layer are dropped out, or inversely, the probability
at which outputs of the layer are retained.
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5.4.4 Data augmentation

Another option is to arti�cially augment the training set by introducing
distortions into the inputs, a procedure known as data augmentation (Figure
5.11). For instance, by shifting an image by a few pixels, adding noise, rotating
it slightly, or applying some sort of warping. This can increase the e�ective size
of the training set. Of course, not all transformations are useful. It depends
on the task; for instance, in object recognition, it might be advantageous to
�ip images horizontally, whereas this would not make sense in the case of
handwritten digit classi�cation.

Figure 5.11: Examples of data augmentation on the same image. Source:
Medium.

5.4.5 Transfer learning

Transfer learning is a machine learning technique that reuses a completed
model that was developed for one purpose for a new model that accomplishes
a new task. Analogous to human learning, transfer learning o�ers the capa-
bility of transfer knowledge across tasks instead of learning everything from
scratch. The more similar the tasks, the easier is to cross-utilize knowledge.
For instance, a model trained to recognize lions is likely to work well at rec-
ognizing tigers by making some changes on its inputs, outputs and layers.

There are complex tasks that require a lot of data, and are very speci�c.
However, most deep learning models are specialized to a particular domain.
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Transfer learning solves that by generalizing the features learnt by a model.
It has been possible thanks to two majors reasons. Firstly, the creation of
a huge dataset called �ImageNet� containing more than 14 million images
hand-annotated with more than 20,000 categories. The second reason is the
elaboration of advanced CNN architectures trained on datasets such as Ima-
geNet.

Figure 5.12: Overview of architectures until 2018. Source: Simone Bianco et
al. 2018.

There are many architectures that can be pre-trained to perform a new
task. Some CNN architectures are more popular than others, but it is impor-
tant to consider not only their accuracy, but also their computational com-
plexity. Figure 5.12 provides an overview of the top-performing CNNs until
2018. Moreover, the way in which these architectures are trained can be also
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considered a new hyperparameter of the model. There are three strategies to
�ne-tune a model, which are training the entire model, training some layers
and leaving the others frozen or freezing the convolutional base.

For this project, VGG16, ResNet50 and DenseNet121 have been the pre-
trained models chosen for the task of detecting polyps due to their complexity-
accuracy relationship.

5.4.5.1 VGG16

VGG16 is a convolutional neural network that was proposed by K. Si-
monyan and A. Zisserman at the University of Oxford in 2014 [Simonyan 2014].
They called it VGG after the department of Visual Geometry Group in the
University of Oxford that they belonged to. The number 16 comes from the
16 layers that constitute the convolutional neural network.

As shown in Figure 5.13, VGG16 consists of a sequence of convolutional
layers of �lter size 3x3, stride one, and padding 1, followed by a max-pooling
layer of size 2x2. The convolution stacks are followed by three fully connected
layers, two with size 4,096 and the last one with size 1,000. The last one is
the output layer with Softmax activation. The size of 1,000 refers to the total
number of possible classes in ImageNet.

Figure 5.13: VGG16 architecture. Source: Great Learning Team.

A big di�erence compared to other models is that VGG uses a very small 3
x 3 receptive �eld (�lters) throughout the entire network. However, one of the
crucial downsides of the VGG16 network is that it is a huge network, which
means that it takes more time to train its parameters. The total number of
parameters in this model is over 138M, and the size of the model is over
500MB. This makes deploying VGG a tiresome task. Another problem is the
Vanishing Gradient Problem. During backpropagation, the value of gradient
decreases signi�cantly, thus hardly any change comes to weights.
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