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ABSTRACT

LUNG CANCER CLASSIFICATION AND DETECTION USING
CONVOLUTIONAL NEURAL NETWORKS

SAFAR, Deniz Nisham Anwer
M.Sc. in Electrical and Electronics Engineering
Supervisor: Asst. Prof. Dr. Serkan OZBAY
November 2020
76 pages

The immense growth of technology has led to a booming development in the medical
science research field. One of the major focuses of researchers is cancer detection in
different organs like brain, breast, lung, etc. Lung cancer has a higher cause of death
amongst the other cancer types all over the world. Undoubtedly, the most critical point
in lung cancer is its early detection where it can lead many patients to survive against
the illness. Therefore, one of the most important parts in fighting against lung cancer
is detecting it in earlier stages and that’s why many systems are being developed with
the technology development for achieving this goal. In this work, a recognition system
for identifying some lung cancer types including small cell lung cancer,
adenocarcinoma, squamous cell cancer, large cell carcinoma, undifferentiated non-
small cell lung cancer and also for identifying normal lung is proposed. The proposed
algorithm is based on deep learning and convolutional neural network. The system is
implemented by transfer learning of MATLAB GUI and it is trained and tested by the
data which is collected in K1 hospital located in Kirkuk city, Iraq. The system’s
convolutional neural network architecture has been developed in deep learning
network and it is designed with seven layers and trained in transfer learning with
almost 100 samples for each lung cancer type and 50 samples for normal lung. It is

found that the proposed system has been successfully worked for the defined purposes.

Key Words: Lung Cancer, Tumor Detection, Deep Learning, CNN



OZET

KONVOLUSYONEL SINIR AGLARI KULLANILARAK AKCIGER
KANSERI SINIFLAMASI VE TESPITI

SAFAR, Deniz Nisham Anwer
Yiiksek Lisans Tezi, Elektrik ve Elektronik Miithendisligi

Damsman: Dr. Ogr. Uyesi Serkan OZBAY
Kasim 2020
76 Sayfa

Teknolojinin muazzam biiyiimesi, tip bilimi aragtirma alaninda hizli bir gelismeye yol
actl. Aragtirmacilarin ana odak noktalarindan biri, beyin, meme, akciger vb. gibi farkli
organlarda kanser tespitidir. Akciger kanseri, tiim diinyada diger kanser tiirleri
arasinda daha ytiksek bir 6lim nedenine sahiptir. Kuskusuz akciger kanserinde en
kritik nokta, bir¢ok hastanin hastaliga kars1 hayatta kalmasin1 saglayabilecegi erken
teshisdir. Bu nedenle akciger kanseriyle miicadelede en 6nemli kisimlardan biri daha
erken agamalarda tespitedilmesidir ve bu nedenle bu amaca ulagsmak i¢in teknolojik
gelismelerle birlikte bir ¢cok sistem gelistirilmektedir. Bu ¢alismada, kiigiik hiicreli
akciger kanseri, adenokarsinom, skuamoz hiicreli kanser, biiylik hiicreli karsinom,
farklilagsmamus kiiciik hiicreli olmayan akciger kanseri dahil olmak iizere baz1 akciger
kanseri tiirlerinin tanimlanmasi ve ayrica normal akcigerin tanimlanmasi i¢in bir
tanima sistemi 6nerilmektedir. Onerilen algoritma, derin grenmeye ve evrisimli sinir
agia dayanmaktadir. Sistem, Matlab GUI'nin transfer 6grenmesi ile uygulanmakta ve
Irak'n Kerkiik sehrinde bulunan K1 hastanesinde toplanan veriler ile egitilmekte ve
test edilmektedir. Sistemin evrigimli sinir ag1 mimarisi, derin 6grenme aginda
gelistirilmistir ve yedi katmanli olarak tasarlanmistir ve her akciger kanseri tiirii i¢in
yaklasik 100 6rnek ve normal akciger i¢in 50 6rnekle transfer 6grenmede egitilmistir.

Onerilen sistemin tanimlan anamaglar igin basariyla ¢alistig1 bulunmustur.

Anahtar Kelimeler: Akciger Kanseri, Timor Tespiti, Derin ugrenme, CNN
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CHAPTER 1

INTRODUCTION

Cancer is one of the most common diseases for humans. According to the World
Health Organization (WHO), cancer has led to 9.6 million deaths in 2018, and lung
cancer is on top of the cancer types, with 1.76 million deaths [1]. Figure 1.1 shows the
typical lung cancer diagnosed patients by region [1]. Furthermore, lung cancer is also
considered one of the most dreadful illnesses in developing countries with a death rate
of 19.4% [1]. There are many reasons lung cancer is caused by mutations in the gene

by growing a cancerous mass of cells developed into a tumor.

Lung
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Figure 1.1 Lung cancer’s world deaths [1]

Currently, designing and implementing systems that can interact between humans and
computers have become prevailing, and these systems are used in a broad range of

applications because of their remarkable properties. Computers are becoming more



potent for developing state-of-the-art devices for Human-Computer Interaction (HCI)
in conjunction with the latest improvements and accomplishments in the field of
computer science and electronics. One of the application areas of HCI devices can be
seen in sign language recognition as proposed by [2] and [3] for three different
languages and gesture recognition as proposed by [4]. Those applications include

recognizing patterns, computer vision, and linguistics [5].

Moreover, the significant improvement of technology has helped many researchers to
find ways for early detection of cancer. Many techniques were done for early detection
of lung cancer like Computed Tomography (CT) scans, Sputum Cytology, Chest X-
ray, and Magnetic Resonance Imaging (MRI). Detecting a tumor means to classify the
tumor into two categories: (i) Benign tumor (Non-cancerous) and (ii) Malignant

(Cancerous) [6].

According to the national lung screening trail, lung cancer death rate can be reduced
by 15-20% [7], [8] by applying a low-dose of computed tomography (CT) screening.
The CTs show the tumors on images of the body called slices. A three-dimensional
(3D) structure can be reconstructed by arranging these slices together where these
slices allow the doctors to have a more detailed analysis of the tumors. Nevertheless,
the computed tomography (CT) in terms of time and effort is expensive, and many
suffer from observes of variation [9]. Thus, the need for automated interpretations of
computed tomography (CT) scans seems very crucial. Computer-aided systems
(CADs) are heads of technologies in order to make some achievements to help in
cancer diagnosis, especially in biomedical engineering. For this purpose, modern
image processing and machine learning techniques have been used by many

researchers.

Chances to survive such a disease in its advanced stages are much less than when to
get treatment in the illness's earlier stages. The techniques of image processing can
significantly enhance such analysis and diagnostics methods. Many researchers have
used these techniques for the early detection of lung cancer. However, the early
detection of cancer is still not prominently better. Therefore, with the significant
progress of machine learning techniques, the early detection and diagnosis of cancer
are sought by many scientists and researchers. Because neural networks have played

an essential role in the cancer cells' recognition amongst the normal ones, it basically



offers an effectual means to create a useful Artificial Intelligence (Al) based cancer
detection approach. The curing of cancer can be more effective once the tumor cells
are correctly parted from the normal ones, so the classification of the tumor cells can
be done with training the neural network, which forms the foundation of the machine
learning-based cancer diagnosis [10]. Additionally, one of the techniques for this
purpose is deep learning, which is the improved artificial neural network version. In
particular, for the computer vision field, generally, the Convolutional Neural Network

(CNN) isused [11].

A deep learning algorithm, a machine learning method, has also been involved in
research for diagnosing cancer. Moreover, for classification and image segmentation,
CNN is one of the most common methods used in deep learning technology.
Additionally, CNN is also used for feature extraction purposes, training, and testing
processes where the input dataset, which goes through some layers with weights and
biases. CNN basically consists of a convolution layer, pooling layer, fully connected

network layer, activation layer, and output layer. [11]

1.1 Problem Statement and Motivation

Many challenges are facing the cancer recognition systems like maximum
performance of the device, a good adjusting of the parameters of used methods like
machine learning and deep learning. Because of these recognition systems are not
always reliable to flexibility of the images of the cancer among of the screening model
parameters and CT scans, so a developed system with less problems and a modern

system having satisfactory results are always required. [12]

One problem of the recognition system for cancer is detecting the nodules in the input
images where the designed approach must try to use the classifier network to extract
features from the nodules segmentation, then the system uses it to determine whatever
the CT scan has cancer or not. [13] The CT scan size and the number of them are large;
therefore, a computer with high GPU and CPU was required for training and testing

Processces.

This work's primary motivation is the increase of the survival chances of human lives,
because early detection of any type of cancer, specifically lung cancer, is vital to save

lives [14].



1.2 Objectives and Aim

This work aims to design and implement a deep learning convolutional neural network
to detect the different types of lung cancer and prepare a system for early detection

using MATLAB GUI.

1.3 Thesis Organization

Chapter One: Delivers an introductory view of the cancer detection systems, problem
statement, objectives, and thesis organization.

Chapter Two: Demonstrates information on the anatomy of the lung, lung cancer, and
related work.

Chapter Three: Provides information about the methodology, analysis, and tools used
for implementing the system.

Chapter Four: Explains the design and the implementation behind this work, showing
how the proposed system has been implemented.

Chapter Five: Provides the results and a brief discussion behind the obtained results.

Chapter Six: Provides the overall conclusion drawn up from the thesis.



CHAPTER 2

LITERATURE REVIEW

2.1 Background

In this chapter, a brief background of lung cancer was explained. Basically, lung
cancer's anatomies, information on lung cancer, the types of lung cancer, and its stages,
as well as the screening methods, were given. Besides, a section in this chapter was

dedicated to the previous related works done in this area.

2.1.1 Anatomy of the Lung

Lungs are placed in the thorax lateral to the heart and on the top part of the diaphragm,
and it is a pair of vast and spongy organs [15]. As shown in Figure 2.1, because the
heart is on the left side near the lung, both right and left lungs are not equal exactly,
i.e., there are some small differences between them in size and shape. The lungs are
covered by a membrane that allows the lungs to expand by giving it space. The
differences in size make the left lung slighter than the right one and that because of
those differences, the right lung has three lobes, while the left one has only two lobes.
The lungs' inner part is composed of approximately thirty million bags, which are
named the alveoli. Alveoli are covered with thin, simple squamous epithelium that
permits air entering the alveoli to give-and-take its gases with the blood passing
through the vessels. The standard air which contains oxygen and other gases enters
into the human body through the lungs. In the lungs, during inhalation, the oxygen is
exchanged into the blood-stream and moved through the body. Red blood cells gather
the carbon dioxide and carry it back to the lungs, leaving the body during exhalation.
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Figure 2.1 Anatomy of the lung [15]
2.1.2 Lung Cancer

Like all other cancers, lung cancer is the uncontrolled growth of a cell in tissues of the
lung [16]. Throughout cells' growth, they are spread in the lung from tissue to other
tissues or another part of the body, and the abnormal cell is called a tumor. Lung cancer

is classified into three main types which are:

I- Non-small cell lung cancer (NSCLC).
2- Small cell lung cancer.

3- Carcinoid lung cancer.

According to [17], the most common type of lung cancers is non-small cell lung
cancer. Lung cancer is the most common reason for cancer-related deaths in the world.
It is estimated that nearly 1.6 million people (19.4% of all cancer deaths) have died
because of lung cancer in 2012 [17], 1.88 million people in 2017, and 1.7 million
people in 2018 [17]. In general, the risk that a man will grow lung cancer in his lifespan
is about 1 in 14; for a woman, it is about 1 in 17 [18]. There are many reasons causing
DNA changes, affecting the cell's normal functions and increasing the risk of cancer

[18]. Smoking, mainly of cigarettes, is one of the main contributors to lung cancer



[18]. Cigarette smoke causes at least 73 known cancers [17]. A person who lives with
a smoker is called passive smoker and that according to studies from the USA and
Europe [19], it is shown that the risk of getting lung cancer in the case of a passive
smoker is by 20-30%. Another risk factor for lung cancer is a colorless and odorless
gas called radon gas, which is created by the failure of radioactive radium. Radon can
be considered as the second-most common cause of lung cancer in the USA [20], with
approximately 21,000 deaths each year [20]. Air pollution and asbestos are also risk
factors for lung cancer, where outdoor air pollution has a minor influence on increasing
the risk of lung cancer [18]. Besides the aforementioned risk factors, lung cancer can
be caused because of genetic or miscellaneous with 8% [20], where the chromosomes

5,6 and 15 are ones who effect and elevate lung cancer risks [20].
The most common indicators of lung cancer are: [20]

1- Cough (with blood)

2- Difficulty in swallowing
3- Shortness of breath

4- Wheezing

5- Chest pain

6- Feeling tired or weak

The most common lung cancer causes are either direct smoking or second-hand smoke,

and also a small percentage of lung cancer happens due to other reasons.

According to the World Health Organization, the large-sized lung cancer is also

divided into the parts which are listed below: [1], [21]

* Adenocarcinoma
o Lepidic
o Acinar
o Papillary
o Micropapillary
o Solid
o Invasive mucinous

o Colloid



o Fetal

o Enteric

o Minimally invasive

Squamous cell carcinoma

Neuroendocrine tumors

o Carcinoid tumors

o Typical carcinoid

o Atypical carcinoid

o Small cell carcinoma

o Large cell neuroendocrine carcinoma

Large cell carcinoma

Adenosquamous carcinoma

Pleomorphic carcinoma

Spindle cell carcinoma

Giant cell carcinoma
Carcinosarcoma

Pulmonary blastoma

Other and unclassified carcinomas

The following tables classify lung cancer with its stages according to American Joint
Committee on Cancer where the (T) refers to tumor and how much large the tumor is,
(N) refers to nodes where it shows if cancer spreads near to the lymph nodes and (M)
refers to metastasis, whether cancer has been spread to other organs or not [22]. The
following figures also show the stages in more details [23] and the Table 2.1 shows

the levels of the lung cancer.

Table 2.1 Lung cancer size’s levels

Tx

Primary tumor cannot be assessed

TO

No sign of primary tumor

Tis

Carcinoma in situ

T1

Tumor is 3 cm or less

T1mi

Minimally invasive adenocarcinoma

Tla

The tumor size is between 0-1 cm




Occult
0
1A1
1A2

HA

nc
IVA
IVB

T1b

The tumor size is between 1-2 cm

Tlc

The tumor size is between 2-3 cm

T2

The tumor size is more than 3 cm

T2a

The tumor size is between 3.1-4 cm

T2b

The tumor size is between 4-5 cm

T3

The tumor size is between 5.1-7 cm

T4

The tumor size is more than 7 cm

Table 2.2 Lung cancer’s stage.

™
Tis
Tla(mi)/T1a
Tib
Tic
T2a
T2b
Tla-T2b
LE]
Tla-T2b
LE]
T4
Tla-T2b
T3/74
T3/T4
AnyT
Any T

NO
NO
NO
NO
NO
NO
NO
N1
NO
N2
N1
NO/N1
N3
N2
N3
Any N
Any N

MO
MO
MO
MO
MO
MO
MO
MO
MO
MO
MO
MO
MO
MO
Mo
M1la/M1b
Milc



Stage 1A Stage 1B

v

Cancer up

to 3cm in size Cancer up to

5cm in size

Figure 2.2 Stage IA and IB lung cancer

@

OR

Cancer is less
than 5¢cm and
there are
cancer cells in
lymph nodes
nearby

Cancer 5-7cm

Figure 2.3 Stage IIA lung cancer
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Cancer is
5-7cm and in
lymph nodes

Figure 2.4 Stage IIB lung cancer

OR

Cancer is The cancer is growing
7cm or bigger into one of the following
ORr i Chest wall
Cancer is

in the main

bronchus Nerve (phrenic)

OR The lining
There of the heart
are 2

tumours

in the Diaphragm
same lobe

Figure 2.5 Stage IIB lung cancer with T2b

AND there are

cancer cells

in lymph nodes
in mediastinum

Cancer is
up to 7cm

Figure 2.6 Stage IIIA lung cancer
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Cancer is any size and may be affecting nearby
structures and is in the lymph nodes in either

r————— Neck nodes

«—— Nodes near
The mediastinum the collarbone

on opposite side

Hilar nodes

0 2]
Y -
e TR
=

Cancer is in

both lungs OR

OR There is
cancer in

It has spread :Pr:e Iﬂu;d of

to another fei ining

part of the of lungs

body or heart

Figure 2.8 Stage IV lung cancer
2.2 History of Deep Learning

Many of the machine learning techniques and image processing techniques were until
recently based on architectures with minimal surface structures, as these architectures
contained two levels of transfers of non-linear properties at most. Examples of these

surface architectures are: [24]

1- Linear and non-linear dynamic systems
2- Support Vector Machine (SVMs)
3- Gaussian mixture models (GMMs)

4- Kernel Regression
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5- Maximum Entropy (MaxEnt)

6- Conditional Random Fields (CRFs)
7- Logistic Regression
8- And others [25].

These surface architectures were successful in fixing well-built or straightforward
problems. Nevertheless, their incomplete form and figurative ability led to difficulties
in facing more complex real applications such as applications that contain natural signs

like human speech, visual scenes, natural language, and natural images [25].

However, the human-processing and data-processing mechanisms need architecture to
draw out complex arrangements and make internal demonstrations by using the given
input, such as speech production systems and receiving systems, set with hierarchical
class arrangements to transfer data from the waveform layer to the linguistic layer.
Also, the human visual system is naturally hierarchical, not only in the reception part

but also in part generating information [26].

Deep learning emerged from the research field of neuronal artificial intelligence
networks, and pre-fed neuronal networks equipped with hidden layers (called deep
neuronal networks (DNNs)) are an excellent example of deep structural models.
Backpropagation (BP), which became popular in the 1980s, was a famous procedure
for learning its coefficients. However, the posterior proliferation alone did not work
well with the learning networks that have a large number of hidden layers, and the

struggle was the more significant the depth of these networks [27].

After many research and experiments, the use of hidden layers within many neurons
within the deep neural network improves the strength of modeling these networks and
begins to form many idealized formations. Even if a transformed path is disrupted, the

resulting deep neuron network will continue to perform well [28].

Nevertheless, the use of deep and wide networks requires a large mathematical rule
during the training activity, and this is the reason why researchers refrain from working
with these networks until recently. Also, better education algorithms contributed to the
success of deep neuronal networks, and SGD - stochastic gradient descent algorithms
were the most effective with large training groups, and this is the case of most

applications, as has recently proven its effectiveness in branch work through several
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machines in an asynchronous mode, or via several GPUs through Back-propagation

[29].

2.3 History of Convolutional Neural Network (CNN)

"Neocognitron" was presented by [30] in 1980. It was motivated by another work [31]
where it was presented the two essential kinds of layers in CNN networks which are
convolutional layer and reductive layer. Furthermore, it described a filter as a set of
adaptive parameters of such an element of the layers and presented the hierarchical
and multilevel neural network where the layers that include elements whose receptor

arenas cover rest layer’s corrections [32].

In a different of a new component named chrysocetron, Fukushima's spatial mean is
in its place. The max-pooling is a technique where the reduction unit calculates the

extreme activation units in its correction [33].

Some supervised and non-supervised learning procedures have been projected over the
decades to train the new component's weights. Nowadays, nonetheless, CNN

construction is typically trained by using backpropagation.

Multiple network locations were initially required on CNN by neocognitron to have
standard weights in the same network. Furthermore, to analyze, time-changing signals

neocognitrons were adjusted for the first time in 1988 [34].

In 1987, a Time Delay Neural Network (TDNN) neural network for the temporal delay
was presented by [35]. It was the first CNN, where it accomplished an effort for
stability. Furthermore, weight updating was used with Backpropagation training.
Therefore, using a hierarchical arrangement in neocognitron science resulted in a

universal improvement of weights, rather than the limited level [35].

TDNN networks are CN that distributes weights in the period of processing. It allows
signals to be permanently managed. In 1990, [36] presented a different shape that
twisted 2D. Meanwhile, these TDNNs operate on the spectrum; the developing of
voice recognition system has been consistent in both cases, as time and time change.
This is a constant translation inspiration for image processing with CNN networks.

The tiling of neuronal outputs can cover the time stages [36].
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It was done by combining TDNN and best networks to achieve a separate, isolated
speech recognition system. The TDNN network results were combined on the input
signal using maximum aggregation, and then the aggregation layer outputs were

transferred to the networks that perform the actual word classification [37].

In 1989, backpropagation was used to comprehend the kernel constants
straightforwardly from handwritten images. It was fully automatic learning and
implemented well comparing to non-automatic lab designs and was suitable for a wider
array of image identification applications, and it has become the basis for modern

computer vision [38].

In 1998, many banks applied the numbers categorized to recognize handwritten
numbers on British checks: digital checks at 32 x 32 pixels. The capability to procedure
high-resolution images needs more layers of CNN, and therefore this technique is

reserved by the obtainability of computer resources [39].

Likewise, [39] for medical image processing was established as a stable NN. The NN
is used to identify a character of input with image type in 1988 while in 1991the design
and training system of an NN was modified and applied like cancer recognition in the

breast.

The decomposition of one-dimensional photoelectric signals in 1988, using torsion
was recommended to apply. Moreover, from here, it started to be the base for twisting-

based designs [39].

Lateral connections and feedback have expanded an automatic feeding structure of the
convolutional neural networks in the pyramid of neural abstraction. The CN permits
the flexible integration of relative information to solve the limited problem. Unlike

previous models, image-like outputs were created with the highest accuracy [40].

In the 1980s, a CNN was designed, its innovation in the two millennia of the last
century required fast applications to GPUs. In 2004, [41] showed that standard NN
could be enormously enhanced on GPUs where it is 20 times faster than CPU

application.
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The oldest CNN GPU app was explained in 2006 by [41]. It was four times quicker
than the corresponding CPU execution. The following work used GPUs and, primarily,

for other types of NN that were different from CNNs [41].

While in another work [42] in 2015, The DalleMolle Institute for Artificial Intelligence
Research presented a deep standard NN combined with several layers that can be
speedily trained on the GPU through backpropagation. The proposed network has
beaten old machine learning approaches over the handwritten MNIST number index.
While at 2011, they expanded their proposed approach to CNNs, accomplishing 60
quickening coefficients, with remarkable results, by using CNN networks on the GPU
to win a photo identification tournament when they performed a special
implementation for humanity. Among May 15, 2011, and September 30, 2012, the
CNN networks have won at least four photo competitions. Later an expressively

upgraded implementation in the literature of databases. [42]

Next, a related Graphics Processing Unit built CNN by [43]. The project won the
ImageNet Large Scale Challenge 2012, and Microsoft won the ImageNet 2015
competition [43]. Compared to training CNNs using GPUs, slight notice has been paid
to the Intel Xeon Phi processor. The observed growth is a parallel technique of training
CNN on Intel Xeon Phi, called Hogwild Measured, with an arbitrary command for
CHAOS synchronization. CHAOS takes advantage of both thread-level parallelism
and SIMD available on Intel Xeon Phi [44].

Nevertheless, due to the complete interconnection among the nodes, it did a good
measure with high-resolution images within a dimensional curse. An RGB color with
a 1000 x 1000pixel image is too big to be effectively processed on a large scale with
full connectivity. For example, in CIFAR-10, only images are 32 x 32 x 3 32, 32
channels, three-color colors, so one neuron completely linked to the normal
nervousness's hidden layer would be the mesh 32 * 32 * 3 =3, (072 weights. However,
the 200 x 200 image would result in neurons having 200 * 200 * 3 = 120,000 weights
[45].

Likewise, the intensity of calculating the spatial structure of the data has not been
recorded in network architecture and treating the input pixels that are different from
each other in a matching way as pixels adjacent to each other. This reference location

is ignored in image data, mathematically, and semantic. Consequently, neurons'
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complete conduction is wasted for reasons like an image recognition controlled by

local spatial input patterns [46].

CNN is biologically inspired modifications of multi-layer sensory perception proposed
to simulate a psychologist's behavior. These representations mitigate the experiments
modeled by the multi-layer perceptron structure by exploiting the reliable limited
spatial connection found in natural images. Unlike multi-layer perceptron, CNN

networks are based on [47].

e Distinguishing features:

The feature lets CNN succeed in simplification of computer vision problems. Weight
updating greatly decreases the number of learned parameters, therefore reducing
memory requests for CNN operation and permitting for the training of big and more

powerful CNN networks [48].

¢ Building blocks:

The network structure is created with a set of different layers that converts entered size
to the output volume, for example, asset row grades with a different function. A limited
kind of layer is frequently used. The building block is the primary bypass layer of the
CNN network. The parameters contain a set of learnable kernels with a small
approximate field. However, the extent of full-depth is in the input size. Later, each
kernel is bound within the volume's width and height, which calculates the point
produce among the kernels and the input and produces. Consequently, the network
discovers that filters are activated when a particular form of operation is found in any
spatial location in the stream. Stacking maps with all filters along the dimension will
deepen the entire warp layer output layer size. Increasing items of production size can
be construed as the product of a neuron that scans a small area in the input and shares

neuron variables within the same activation map. [49]

It is not feasible to link neurons to any previous volume neurons while working with
high dimensional inputs like images; as such network engineering does not understand
the data's spatial structure. CN uses the local spatial connection by implementing a
random pattern of local contact between neurons with neighboring layers: each neuron

is linked to a small input volume area [50].
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The distance of the conductivity is a hyperlink known as the neuron receptor field.
Connections are local along width and height in space, but they always spread
throughout the whole input range. This structure ensures that the learned filters

respond to the local spatial input pattern most strongly [50].

2.4 Related Work

As mentioned before, many researchers' goal in the medical field is the attempt to
develop systems that can have an advantage against cancer disease and that these
systems can detect cancer in its earlier stages, so the chances of recovery are higher.
This section will review some of the literature of similar and previous approaches. The
proposed works are based on different machine learning algorithms and different types

of cancer.

A work done by [51] used deep learning and CNN for lung cancer detection. The work
is based on computed tomography (CT) scans; the CT scans are trained by using a
double convolutional Deep Neural Network. The developed system is used to detect
the Tx cancer stage, which can help to determine the possibility of lung cancer. The
system was divided into two main parts: the first was to make the convolutional Deep
Neural Network which is more intensive by per classifying the inputs of CT scan
images from a dataset by using K-means algorithm, and the next step was built on a
double convolutional deep neural network and that the results of the tests have shown
an improvement in the accuracy from regular convolutional Deep Neural Network
where the double convolutional Deep Neural Network was 0.9962, and the normal was

0.876.

In [52], detection and classification of breast cancer were done using analysis and
gene-back proportional neural network algorithm. The researchers used two
algorithms, which are K-nearest neighbor (KNN) and Naive Bayes, to determine breast
cancer. The dataset that was used was collected from the University of California,
Irvine. Their main aim of the work was to predict the features of the dataset by using
machine learning. The proposed system started with the preprocessing stage to find
the dataset's missed attributes after that the system found the feature vectors. The test
for detection has been done by using the Gene-back propagation neural network
approach and kernel principal component analysis. The results showed improvements

in the error rate, which was less and higher accuracy.

18



A similar work [53] tried to prove that the convolutional neural network can deal in
conjunction with encoding schemes. Their proposed work was based on a
convolutional neural network for cell detection, and the system encoded the output
pixel space. The researcher uses random projections to encode the images to a vector
of set dimension, and then, regressing the vector is done by CNN from the input pixels.
In this work, the researchers used seven typical datasets with different target cells and

other evaluation and comparison approach.

In [54], the implementation of ANN Classifier using MATLAB for detecting skin
cancer was proposed. In this study, a computer-aided classification and dermoscopy
image of skin cancer have been used, and many preprocessing steps and segmentation
to separate the cancer skin part from normal skin were applied. Some features have
been extracted by using the ANN classifier and classified the data into cancerous and

non-cancerous.

A similar work where [55] artificial neural network has been efficiently tested on two
cases; in both pre-clinical and post-clinical diagnosis. Their work's primary purpose is
to support clinicians in medical diagnostics to improve functioning and easy-to-use
systems, procedures, and techniques. The work was based on analyzing demographic
records from lung cancer patients to develop diagnostic systems that may increase the

emergency unit's triage practices.

In [56], a brain tumor detection and classification with feed-forward backpropagation
neural network has been developed. In this work, a process on the images is taken from
MRI to present a statistical analysis morphological and thresholding techniques where
feed-forward backpropagation neural network is used to classify the tumors, this
technique results in high accuracy and fewer iterations recognition. The validation
performance extended the maximum, where the specificity was 97.2%, accuracy is
99.2%, and sensitivity is 97.2%. The proposed system's comparison results with other

existing systems show that the proposed system gave additional accurate results.

In [57], breast cancer recognition pictures are the typical clinical practice for the
diagnosis and prognosis of breast cancer. In work, the authors have presented a full
algorithm for the recognition of abnormal masses by anatomical segmentation of the

Breast Region of Interest (ROI) by using the mediolateral oblique (MLO) view of
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mammograms. The suggested system is based on the marker-controlled watershed
segmentation algorithm (MCWSA) by using MATLAB. The suggested system results
displayed that the algorithm has a higher computational efficiency besides the worthy
functioning for image segmentation problems if it is matched to the conventional
methods where the systems are faster and more efficient with specifying an automatic

value for the threshold.

The aim behind reviewing the mentioned related works is to show the importance of
machine learning in medical research recently and specifically in the early detection
of any type of cancer. Different types of cancer detection systems have been reviewed
with different methodologies of machine learning. In this proposed work, a deep
convolutional neural network to recognize lung cancer types and normal lung has been
developed in order to understand how deep learning and convolutional neural network
work, how to build the network layers and train and test the CT scans, and to

understand the parts of the lung under the CT scan, as it is shown in Figure 2.9.
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CHAPTER 3

METHODOLOGY, DATA COLLECTION, AND TOOLS

In this chapter, the methodology is mainly studied in the design of the identification
system for the approaches used in this work, and the essential functions of the planned

methodologies are discussed.

3.1 Machine Learning

Artificial intelligence has recently captured the entire world's attention and it is one of
the most critical research fields where the world seeks to achieve technological
development and unprecedented progress. Indeed, that interest was not in vain; many
models have emerged confirming that artificial intelligence has approached
competition of human intelligence, and this has been noticed by creating self-driving
cars, robots, and many more smart devices [58]. With this being achieved, success
after another, the area of interest has increased more and more with what is known as
machine learning and the development to move towards more significant successes in
employing artificial intelligence. However, what is machine learning, its importance

and principle of its work will be described in the next sections.

3.1.1 What is Machine Learning

Computer training alluded to by the ML acronym will simplify the idea of machine
learning as a branch of the Artificial Intelligence Science (AIS). Based on the different
modes of computer programming, the ML will function and execute instructions
assigned to the learning system on the basis of the available data. It is notable that in
1959, the word machine learning was instigated in IBM laboratories by the founder of
artificial intelligence [59]. The computer should also be responsible for making
decisions as appropriate and deciding what tasks will be carried out, where, how, and
why without any human help. This should ultimately lead as efficiently as possible to

completing tasks as humans are spending time completing tasks [59].
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3.1.2 The Principle of Machine Learning

At first, it can be challenging to understand the machine and how it can be achieved,
which seems unlikely, but many practical applications of artificial intelligence based
on the theory of machine learning have emerged, including the Sofia robot [60].
Concerning the principle of its function, algorithms form the basis on which machine
training is implemented since such algorithms are composed of a set of orders,
instructions, and instructions required to direct the machine or computer to perform
tasks. As the strategist performs the role of algorithms in a computer due to data
heterogeneity, it is obtained, analyzed, and eventually dependent on the data analyzed

to determine how the task is to be done [61].

Machine learning algorithms are based on a range of graphical models and decision-
making techniques such as the decision tree, natural language processing, and artificial
neuronal networks to carry out the task of automating and analyzed data and
processing. In this way, the computer is driven to make choices and efficiently execute
its assigned tasks. It is important to remember that the artificial neural networks used
in machine learning play an essential part, similar to the nerves' functionality and their
network in the human body and brain. Starting with the complex role of algorithms

and devices, there is an immediate need for what is called deep learning [61].

3.1.3 The Goals of Machine Learning

The importance of machine learning can be explained in the following points:

* The large size and diversity of data

» The increase in computing power

» Data processing and the increase in the storage capacity of data

* Analyze data more volumes and more complex and reach faster and more
accurate results

* Produces or generates high-value forecasts.

Computer schooling can more effectively predict actions and understand habits than

human beings. Machine learning, thousands of models can produce [62].
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3.1.4 Types of Problems and Tasks for Machine Learning

Machine learning problems and functions are classified into three groups according to
the existence of the learning signal or input available for the learning system as follows

[63]:
3.1.4.1 Supervised learning

It is also named as predictive learning. In this kind of learning, via pre-defined inputs
the machine is trained, such as a group of pre-classified, task or non-task, and how the
input is required to link inputs with outputs to make a prediction of the input of any
type of input in the future for any type of prediction. A machine learning system is

most classified into these types [63]:
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Figure 3.1 Supervised Learning

» (lassification

It is the type that is most commonly used in learning the machine. In this type, the

income is filtered into two types or more [63].
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Figure 3.2 Classification

* Regression

This type is similar to classification, but it predicts continuous values rather than
separating classes. There are many applications for this type as well, such as
forecasting stock prices and forecasting temperature inside the building, depending on

weather information, time, and sensors available [64].
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Figure 3.3 Regression
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3.1.4.2 Unsupervised learning

It's named descriptive learning, this kind of learning is machine trained in the input
data without any previously known outputs, and the goal here is to infer new copies

and hidden relationships between the data [64].
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Figure 3.4 Unsupervised learning

*  Clustering

In this type, the difference is sorted by entering into previously unknown groups. Its
applications learn the person's movements standing in front of the camera, recording
to their movements. So that the system can subsequently get familiarized with these
movements, linking them to the appropriate response, and from other applications in
the field of their purchase in the process of collecting and using each user's process in

the process of collecting them and using them in their collection [65].

Figure 3.5 Clustering
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3.1.4.3 Reinforcement Learning

In this type, learning how to behave at a specified event is set by giving signs of reward

or punishment based on the current behavior [66].

Figure 3.6 Reinforcement learning
3.1.5 Machine Learning Algorithms

In machine learning algorithms, usually, the program will learn what it must do on the
data automatically, without specific commands from the programmer. For example,
facial recognition, the program automatically extracts distinct features that help it
differentiate between different faces, and then uses it when entering a new face image
to recognize it automatically. The process of extracting the distinctive features is in the
stage of learning or training, and then the program can be used and ascertained in the

testing phase when entering a new image.

There are many of machine learning algorithms, some of which are aimed at finding
the best mathematical equation to represent data, some of which are based on statistical
concepts such as probability, and others that use different theories such as Graph
Theory, as well as a group based on Heuristic rules. The common factor among all of
these algorithms is their attempt to find the best model, which reduces the data given

in a way that includes generalization when using new data [67].
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3.1.6 Neuron

To understand CNN and ANN algorithms, the structure of the biological neuron must
be explained. Neuron, which is the primary nerve unit or nerve cell, has nerve fibers
that are, in turn, the nerves in association with other neurons. Each neuron consists of
the primary cell body that contains all the animal cellular organelles but is
characterized by having many ramifications that connect it to other neurons, as it has
a single branch long supported by a hard sheath called the axon [68] as it shown in
Figure 3.7.

The human nerve cell consists of:

» Dendrite: Thin fibers around the cell body. The branch receives information
from neighboring cells through the axon, which acts as transmission lines.

* Axon: is a cylindrical connection that carries pulses from the cell. Each branch
of the axis is connected to branches (dendrites) to neighboring cells.

» Synapse: Axon and synapse are called dendrite [69].

Dendrites

Soma Axon terminals

Axon

Figure 3.7 Neuron [70]
3.2 Deep Learning

Deep learning and analysis techniques in recent years have evolved and have
influenced a wide spectrum of study, both conventional and new, on signal and

information processing in the specific fields of machine learning and the fundamental
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principles of artificial intelligence. There are many descriptions of deep learning,
mainly [71]. Deep learning is a class of machine-learning techniques that can utilize
many layers of non-linear processing of information to retrieve and distribute, besides

examining and classifying patterns, properties with or without supervision.

Deep learning can be considered as a sub-field in machine learning where such
algorithms are used for the modeling of complex relationships within datasets.
Therefore, characteristics and high-level models are classified based on what they are,
for example (cars are known for their parts and wheels are known for their parts, etc.),

and such a structure is known a hierarchy [72].

Machine learning is part of a larger class of methods in computer representation
learning where the research contains ways to find and identify, and how these
representations are to be taught which that’s known as deep learning. So, a deep
learning like any learning system relies on many layers of representations, which
correspond to a frame of characteristics, factors or concepts, and high-level features.
Like an image can be displayed in many forms (such as a beam of pixels), or any
representations in order for the learning to done easily [43]. A deep learning is also
known as set of algorithms based on machine learning to be taught at many stages that

suit the same complexity and using artificial neural networks [43].

While many researchers try to bring new innovations within the world of machine
learning, however, the actual aim is to get machine learning back to one of its core
goals which is artificial intelligence. As well as, to concentrate on learning the various
layers of representation and inference that help better understand data like pictures,
videos, and texts [73]. The two fundamental general principles of machine learning are

found in the below definitions:

e The development of structures consisting of several non-linear stages of
information processing.
e Learning approaches representing more abstract qualities at higher levels, with

or without supervision.

There are many areas in which deep learning is positioned within, and they are neural
network science, artificial intelligence, graphical simulation, optimization, pattern

recognition, and signal processing [74].
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The increased capacities of chip computing, such as graphics (GPGPUs), are the
reason to make machine learning prevalent and common, also, they help to have bigger

amount of data during training.

The effectiveness of deep learning can be seen in a variety of different fields, such as
computer vision, verbal recognition, voice testing, identification of expressions,
photography and rhetorical coding, comprehending of natural languages, semantic
speech classifying, handwritten recognition, processing of voice, data extraction,

robotics, and molecular analysis which have shown to be successful. [11]

3.2.1 Deep Learning Network Classes

As mentioned earlier, deep learning handles several layers of non-linear, hierarchical,
naturally occurring information processing. Depending on how the structures and
techniques are used (formation, identification, or classification), it is possible to

classify work in this field into three categories:
1- Deep networks for learning without or without supervision

It is used when no information is available on the number of target rows or their
designations as these networks capture high-level correlation of income data trying to

analyze it and reveal patterns in these data [43].
2- Deep Networks for Observed Learning

It is excellent for classifying patterns by accurately describing the target rows
according to the visual data. The defined target data is always available, either directly

or indirectly. Networks, in this case, are called deep discriminative networks [43].
3- Hybrid Deep Networks

Deep learning algorithms have almost the same algorithms as Neural Networks, which
already acronym with NN. This is, to some degree, true. However, the only distinction
between the two forms of NN and DL is the extent of its depth or the amount of hidden
layer existing in the algorithm, as seen in the Figures 3.8 and 3.9 below. Deep learning
algorithms, therefore, constitute a natural extension of neural network algorithms.
However, the number of hidden layers relative to neural networks in deep learning, as

mentioned earlier, has further complicated learning in deep learning. This was very
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difficult in the past, both for the complexity of the algorithm and the need for or for

the low technical capabilities compared to the need [43].
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Figure 3.8 Hybrid Deep Networks
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Figure 3.9 Hybrid deep networks with more information
3.3 Convolutional Networks

It is a subset of deep neural networks, typically used for visual image processing. A
CNN or ConvNet in deep learning is known as shift invariant or space invariant
artificial neural networks which is based on specific weight architecture and the
properties in translation invariance. They include image and video recognition tools,
guidance programs, image processing, medical image interpretation, and natural
language [75].They include image and video recognition tools, guidance programs,

image processing, medical image interpretation, and natural language [75].
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3.3.1 Contents

CNN networks consist of frequent multi-layer knowledge updates. Multi-layer
perception typically involves networks that are entirely connected, implying that each

rn

neuron in one layer is related to all neurons in the next. Such networks' "complete
connection" renders them susceptible to data synthesis. Typical regulatory approaches
require the application of a sort of weight to the loss function. Throughout the
operational method, the CNN networks utilize structured data structures and extract
more complex trends utilizing fewer, more accessible trends. CNNs are thus situated

at the lower end of the interconnection and complexity scale [75].

Biological processes have been inspired by convolution networks as the pattern of
communication between neurons is close to the animal's visual cortex. Specific cortical
neurons only respond to stimuli in a small visual field region known as the receptor
field. The receptor fields of different neurons partly overlap and occupy the whole

visible region [76].

In comparison to other image recognition algorithms, CNNs use very few preset. The
network thus discovers filters that are manually programmed in conventional
algorithms. This freedom from previous experience and human activity is a significant

asset in product design [76].

The concept of "Convolutionary neuralgia" relates to a statistical mechanism called
convolution being used by the network. Torsion is a type of linear process that is
specialized. Convolutionary networks are essentially neural networks that multiply

over at least one layer by a convolution rather than the general matrix [76].

3.3.2 Design

The convolutional neural network is composed of a matrix of input and output, as well
as numerous hidden layers. The hidden layers of CNN typically consist of a sequence
of bypass layers. The activation feature is typically the RELU layer, preceded later by
other grids such as the add-on layer, the fully linked layers, and the normalization
sheet, often referred to as hidden layers as the activation mechanism, and the final
wrapping covers their inputs and outputs. In addition, the final torsion requires the

back dumping to raise the exact weight of the finished component [77].
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While layers are regarded as chopping colloquially, it is only carried out through
consensus mathematically, scientifically it is either a sliding point component or while

programming CNN, the input is a tensor can be calculated by:
N*W*H*D 3.1

Where N is number of image shapes, and W is width of the picture, H is height of the
picture and D is the depth of the picture.

Then the image is abstract in the function diagram where it is equal to:
N*W*H*F (3.2)

Where the N is number of picture types, W is diagram width, while H is function map

height and F is feature map channels [77].

Data is inserted into the convolutional layers entrance, and the output is passed to the
next stage. This is equivalent to the reaction of neurons to a specific stimulation in the
visual cortex. Every neuron process data can include local or global grouping layers
for simplifying the basic calculation only for Convolutional networks. Aggregation
layers minimize data size by integrating neuronal community outputs into a neuron in
one layer in the next layer. The classification of geographic aggregations blends
multiple classes, typically 2 x 2. The global aggregation operates in the convolutional
layer on all neurons. The accumulation may also be measured as a maximum or
average. The maximum pool uses the maximum value of each neuron category in the
preceding row. The median aggregation uses in the preceding layer of the median value

of every neuron group [78].

Each neuron in one layer is fully linked to each neuron in another. It is precisely the
same as the conventional MLP multi-layer neural network. The matrix is flattened to

bind to the picture classification in the entire layer [78].

Every neuron generates feedback from a variety of positions in the last layer of neural
networks. Each neuron receives feedback from each of the previous layers in a fully
connected layer network. Neurons obtain only contributions from a small sub-region
in the convolutional layer of the previous sheet. The semi-region is typically square,
e.g., dimension 5 by 5. The region of neuronal penetration is called the field of the

receptor. Therefore, the reception area of a fully connected layer is the entire previous
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layer. The receiving area in the convolutional layer is smaller than the whole previous

layer [78].

In the NN, each neuron determines the outputs' importance by adding a specific
function to the inputs from the receptor field in the preceding layer. The function that
is utilized for the input values is calculated by the vector of weight and bias, typically
real numbers. Learning enhances the neural network by iterative modification of these

biases and weights [79].

The filters are called weight and bias vectors, which reflect other input features such
as a particular form. CNN networks are characterized by the fact that multiple neurons
may use the same filter. It decreases the memory size the vector weights are utilized
in every receiving field that has shared that specific filter, contrary to each receptive

field that possesses its vector weight and bias [79].

CNN design follows the work of adjacent vision processing cells containing similar,
overlapping, rough fields. The area of the future changes size and location regularly
across the crust to form a comprehensive map of the visible area. The shell of each
hemisphere refers to two different cell types of the brain defined from their 1968 paper:
Hubel and Wiesel have proposed that these two cell types may be included in the

pattern recognition exercises as cascading patterns [79].

3.3.3 Basic Operations in ConNet

There are four basic operations in ConNet in Figure as follows:[33]
1- Convolution

2- Non-Linearity (or as it’s known it by using ReLU)

3- Pooling or Subsampling

4- Classification
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Figure 3.10 The input image

Also, assuming another 3x3 smaller matrix, that would be the kernel.

0|1
0 0
1/0]|1

Figure 3.11 3x3 smaller matrix

1-Convolution

What will happen now, as shown in Figures 3.12 — 3.19 is that the properties resulting
from the wrapping process (known as the feature map or Convolved Feature) will be
extracted by swiping the Kernel box (the yellow matrix) over the green matrix (the
original image). In each step (Stride), the two matrices will be multiplied together, and
the product of the multiplication will be added to extract one value in the properties
map (the pink matrix), which will be 3x3 size. It should be noted that the yellow Kernel

square only sees a portion of the image entered in each pass [33].
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Figure 3.14 Wrapping process step 3
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Figure 3.17 Wrapping process step 6
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Figure 3.18 Wrapping process step 7
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Figure 3.19 Wrapping process step 8

The properties' size map (wrapped properties) is determined via three fundamental

parameters that must be known before performing the first step (The Convolution

step):

e Depth

The depth denotes the number of filters used for the wrapping process, as shown in the
Figure 3.20 where it has implemented the wrapping process on the original image
using three different filters, thus, three feature maps of the input image will be

generated as if they were three matrices stacked on top of each other. Thus the "depth"

of the properties map becomes three [33].
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Figure 3.20 Wrapping process depth's

e Stride pass-through

Pass step is the number of pixels used when passing the filter matrix onto the input
image matrix. When the pass step value is one, it moves the filter only one pixel in
succession, and when the value becomes two, then the filter jumps two pixels at a time.
It should be noted that when it has a large size of the passed step, this means that we

will get maps of small size properties [33].

e Zero-padding

Sometimes, it is convincing that it can line the input image matrix with zeros around
the edges of the image and thus pass a filter over these edges. The properties extracted
from the zero paddings allow it to control the feature maps' size. The addition of zero
linings is commonly identified as wide convolution, and narrow convolution is known

for not adding [33].
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Figure 3.21 Wrapping process zero padding

2- Non-Linearity

Another process, named ReLU, is utilized following each convolution process. ReLU
is an acronym for Rectified Linear Unit, which is basically a non-linear process whose

output is as follows.

10}

L L L 1
-10 -5 5 10

Figure 3.22 ReLU
where
Output = MAX (zero, Input) (3.1)

ReLU is a process that is applied per each pixel; in other words, an element-level
process that substitutes all negative pixel values in the property map with zero. The
goal is to bring out non-linearity in ConvNet as most actual projects are non-linear.

Basically, convolution is a linear element-level linear process in terms of
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multiplication and addition operations. So, it uses non-linearity by RelLet in ConvNet

[33].

The ReLU process can be clearly assimilated, as it shows the application of ReLU to
one of the characteristic maps extracted from. Resulting from the application of the

ReLU to the feature map is known as the Rectified feature map [33].

The ReLU function is not the only non-linear function. There are other functions such
as tanh or sigmoid, but the ReLU was characterized by better performance in most

cascs.

Leaky ReLU RelLU Tanh Sigmoid
g(2) = max(ez, z ef—e? 1
@) - maxlen) o(z) = max(0, ) o) =2 o) = o

1+ 1+ 1+ 1+
| /-
t - + ¢ t r

Figure 3.23 Functions

3- Pooling or Subsampling

Spatial aggregation, or also known as subsampling or downsampling, decreases the
dimensions of every feature map with regard to maintaining important information.
The spatial aggregation has several types, such as Max (Average value), Average (Sum
calculation). In the case of grouping using the highest Max Pooling value, it defines
the contiguous spatial region (a 2x2 window for example) and extracts the element
(pixel) with the highest value in the specified window from the map of the corrected
properties. In the same way, if it uses average, it will calculate the average numbers in
that window only or their sum in the case of the sum. In general, aggregation using the

highest max-pooling value showed a better performance [80].

Figure3.24 shows an example of using aggregation using the highest Max Pooling
value on the map of the corrected properties extracted after the convolution process in

addition to the ReLU process using a 2x2 window.
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Figure 3.24 Pooling or subsampling

It passed a 2x2 window where the stride pass value was two, and then it took the
highest value in every spatial region. As noted in the figure, this process decreases the

properties map's dimensions from 4x4 to 2x2 [80].

In the grid demonstrated in the Figure 3.25, the pooling process was applied
independently to each feature map, and accordingly, it obtained three resulting maps

from three entered maps [80].
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Figure 3.25 The pooling process

The pooling process continuously reduces the size of the spatial inputs, and in detail,

it does the following:

It makes the representation of the inputs in the properties' matrix smaller in
terms of the size of the array dimensions, and therefore their management is
more straightforward.

It reduces transaction volume and network account size, and thus the
overfitting problem can be controlled.

It makes the grid steady and resistant to minor changes, distortions, and shifts
in the input image (meaning that slight distortion in the inputs will not alter the
pooling process's output since the maximum/average value in the adjacent local
area is taken.

It assists in achieving a stable and stable illustration of the image (the precise
expression is equivariant), and this is a compelling feature because it enables
the identification of the objects in the image regardless of their whereabouts

[80].
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Figure 3.26 The full process of pooling

4- Classification

The fully connected layer is the conventional multi-layer layer that utilizes the softmax
activation function in the output layer (it is possible to use other classifiers in the output
layer such as the SVM support vector. [81], but in this thesis, the explanation will stick
to the softmax function). The term "fully contacted" indicates that each neuron in the

previous layer is connected to every neuron in the next layer.

The outputs from the Convolution and pooling layers denote the high-level properties
of the input image. Therefore, the full contact layer's goal is to employ these properties
to classify the input image into several categories based on training data. For example,
the tasks of classifying the input image that we previously made have four possibilities
(dog, cat, compound, bird), as shown in the Figure 3.27 where it does not show the

connections between neurons in the entire contact layer [81].

Connections and weights
not shown here

dog (0.01)

cat (0.04) 4 possible outputs
boat (0.94)

bird (0.02)

Figure 3.27 Fully Connected Layer
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Beyond the classification process, adding the fully connected layer is usually an
inexpensive way to teach non-linear compounds of these properties. Most of the
properties extracted from the Convolution and pooling layers could be useful for

classification purposes, but compounds consisting of these properties may be better.

The sum of the probabilities output from the fully connected layer is equal to the value
one, and this is what the softmax activation function verifies in the output layer in the
full contact layer. The softmax activation function takes a random vector of real values
and then crushes it into vector with values that are between zero and one so that the

sum of their sum equals one [81].

3.4 Backpropagation

Backpropagation is considered as one of the teaching approaches for neural networks
that secure the transfer of information in the reverse direction of the original direction

of information arrival.

This approach is based on the controlled learning theory. During the training process,
specific data are required to provide the network with the necessary input data with the
correct output data, supplemented by inputs to the income data in order to reach the
network's output value. Then the estimated output corresponds to the expected
performance. When the outcome does not fit, for any outcome layer neuron
representing an error value, the network calculates the difference value between them.
Instead, the backpropagation step happens where the network recalculates the error
value for each neuron hidden network. The weight change stage eventually falls

through. The network recalculates and replaces all weights with new values [82].

input layer hidden laver output laver

Figure 3.28 The NN
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For posterior diffusion, the activation functions that neurons use are derivative. This
is because, at the stage of updating weights, the activation function's derivative

function is utilized for the calculation of the new values [82].
The learning stages that the network depends on are divided into two stages:

e The first stage: Proliferation for each sample of income data where it should
be done: Front feed to the network with an input data sample to calculate the
output data, and then the results obtained are compared with the desired results
and the difference that represents the error value is calculated Background feed
where the error value is calculated in each stick belonging to the hidden layers
[83].

e The second stage: updating the values of weights, the value of the weights of

each of the neurons belonging to the hidden layers is updated.

3.4.1 Backpropagation Algorithm Details

To understand how it works, it can consider one neuron. This neuron receives income
(numbers) data. The output value of this neuron is the weighted sum of the numbers
entered. It means each number will be multiplied by the weight attributed to each

buckle.

Then this sum is divided by the summation of weights to give the output value to the

neuron.

First and before training the neuron, weights are given to the synapse randomly. Then

the neuron is extended with the input and output data.

The neuron will calculate the output given the income and weights data. Of course,
these weights are at first random. Thus, the calculated output Y will not correspond to
the correct output T. The task of the neuron then is to change the weights until it has
an output that matches or approaches the correct output. The method for calculating

the difference between the two values is based on the mean squared mean error [83].
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3.5 Data Collection of the CT scans

The congestion of machine learning is data collection where the main reason why the
data collection is a critical issue because a large amount of data which are labeled is
required where recently many machine learning is developed with not enough dataset
which is labeled. Data collection is divided into three main parts data acquisition,

labeled and using existing data.

e Firstly, data acquisition is the way to find the dataset that can be trained in
machine learning models. Also, it is divided into three main parts:

Data generation where no dataset has been created before for access, and it
generates it automatically or manually.

The second way is data augmentation, where the datasets are available and
have been created, but a new dataset can be added on the pre-trained dataset.
Moreover, lastly is data discovery where the datasets are shared for training
proposes.

e Labeled data; the next step is having a label on the data if some of the data are
labeled, semi-supervised learning can be applied for predicting the rest, and if
the data are not labeled, then it can be done manually.

e The last part of data collection is using existing datasets for improving the

results or relabeling the dataset.

3.6 Tools
3.6.1 MATLAB

MATLAB is considered one of the high-level programming languages, and it is also
an interactive environment that relies on developing algorithms. MATLAB does data
analysis, and it is also an integral part of creating applications and models. It provides
the user with a set of mathematical tools and functions that help find high-speed
solutions by adopting on spreadsheets or even traditional programming languages.
Among the most prominent are Java (JAVA, C ++, C), and its use increases among
the community of programmers of control systems, computational biology, and other

fields [84].

MATLAB is also a matrix or algorithm created explicitly for the purpose of creating a

digital computing environment with multiple models, and high-level language
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provides the opportunity to develop and change matrices and methods of planning and
applying data as algorithms, and leaves an exact imprint in the creation User Interfaces
and linking with programs written in other languages such as Python and Fortran Java

[84].

MATLAB's language overwhelms a set of characteristics that make it distinct from

other programming languages, and among the most prominent of these characteristics:
Ease of use, as it allows its users to access solutions in standard mathematical methods.

MATLAB provides tools where these tools deliver solutions to problems facing
applications and their development. MATLAB is considered as a practical and a
standard educational means in many fields, including principles of engineering,

mathematics, science, and others.
Some of MATLAB advantages:

e An accurate model for achieving software development and advancement.

e The best option for writing programs that need a moderate range of commands
and editing in problem-solving.

e The overall language performance shortcut for controlling and changing
numbers MATLAB Language. [85]

e A high-level array that is inherently compatible with data flow control and data

structuring, and overshadowed by object-oriented programming features.

The MATLAB working environment where it can be referred to as the scope in which
the tools for the MATLAB language are employed. As well as on which the
programmer relies on writing the program to effect change or create the task entrusted
to the programmer, this environment embraces the processes of importing and

exporting data and controlling language-based data and files. [85]

Additionally, it is a specialized graphical system based on a set of special commands
for the purpose of creating a visualization of data of two and three dimensions. Also,
it includes a process of accurate processing of images, animations, and presentation
graphics. It is not impossible to have low-level commands in it at all, as it completes

orders written in the high-level language to reach the desired result [85].
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3.6.2 OsiriX

Many applications are used for image processing of DICOM files in this work OsiriX
application is used to read CT scan files. The application gives many options in
viewing the CT scans or MRI and PET as well as allowing the user to visualize the

images into 2D, 3D, 4D, and 5D [86].

49



CHAPTER 4

DESIGN AND IMPLEMENTATION

4.1 Design

|
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Image Pre-processing

~ ™

Image Segmentation

- vy

Feature Extraction

A 4

Trained Dataset Classification

Deep CNN
- J
~ ~ ~ ~
Normal <€ »  Small Cell Lung
2 J N J
5 ~ ~ ~
Adenocarcinoma [ > Sguamous
- J - J
P ~ P ~
L P . | Undifferentiated non-
arge < >
& small cell
X / & /

Figure 4.1 The system overall diagram

In this section, an overall view of the proposed system is shown in Figure 4.1where

the CT scan is collected and then preprocessing from segmentation, and feature
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extraction applied on the dataset then as it shows the classification part will start based
on the data from training sets and it predicts whenever the lung is clean, or it has

cancer. The implementation of the system is discussed in the next sections.

4.2 Implementation

Input Dataset

v

Preprocessing of
Dataset

v
CNN Test Dataset
v v
Train > Classifier
v
Output

Figure 4.2 System's architecture

The Figure 4.2 shows the system's architecture where the network has been designed
in deep learning, and it will be used in transfer learning to train and predict with the

ratios of 85% for training and 15 % for testing.

The proposed system is to develop a system that can detect the lung cancer in the
earlier stages based on deep learning convolutional neural network using MATLAB
GUI by transfer learning for most common lung cancer types which are: small cell
lung cancer, adenocarcinoma, squamous cell cancer, large cell carcinoma and

undifferentiated non-small cell lung cancer which can be seen in the Figure 4.3.
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Figure 4.3 Types of lung cancers
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As mentioned before, machine learning is part of artificial intelligence, and deep
learning is a subsection of machine learning, and machine learning algorithms like
neural network usually use the central processing unit (CPU) for training the dataset
while the deep learning uses graphics processing unit (GPU) for better performance of

the implemented network model.

The proposed system's network is developed and designed by using a deep network

designer.
The overall architecture is as follows:

The input layer: The dataset is taken from K1 hospital in Kirkuk, Iraq [87]. Moreover,
some are taken from Frederick Nat. Lab for Cancer Research at the University of

Marburg [88], and Siemens Healthcare.

Preprocessing: The data needed to be cleaned up before applying the training system.
For improving the dataset, preprocessing is required for training because the original
input images are not in a form that is difficult for the deep learning to represent it.
Therefore, all the images should be standardized in the same shape so that all their
pixels are in the same representation range as 227 x 227. About 100 images have been
used for each type of cancer, and 50 have been used for the average healthy lungs'
images while 60 random images of the cases used to test the system’s performance as
it will be explained in next chapter. And then, image segmentation where each image
will be divided into parts for changing the format and make it simple for training to

analyze it.

Convolution layer: This layer is for analyzing the visual imagery. CNNs are
standardized types of multi-layer perceptrons. In other words, a fully connected
network where each neuron in one layer is connected to all the neurons in the
subsequent layer. In the Figure 4.5 a 2-layer neural network needs to be designed in a

deep network designer using MATLAB in the app, as it is shown in the Figure 4.4.
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And then, in the layout, see the Figure 4.5 of the application the network layers are
designed.
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Figure 4.5 Application layout

The network layers with six neurons and input layer is shown in Figure 4.6.
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Figure 4.6 CNN layers

The basic CNN layers:

The primary CNN layers:

ReLu layer: An activation function is applied.
Pooling layer: This layer provides down-sampling.
Fully connected layer: It provides the prediction.
Softmax layer: It is the part of the previous layer.
Output layer: It provides the output.

This network is exported as an output MAT file that will be loaded into transfer
learning, see Figure 4.7, where transfer learning allows the training of an extensive

dataset and reduces training time.
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Figure 4.7 Importing the network

After importing the network, dataset is imported as shown in Figure 4.8.
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Figure 4.8 Importing the dataset

Furthermore, the system is ready for the training setup, which will be discussed in the

next chapter.
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CHAPTER 5

RESULTS AND DISCUSSION

The Convolution Network training process can be summarized in the following steps:

Step 1: Configure all filters, parameters, and weights with random initial values. Figure
5.1 shows the configuration of the training process that has been used, stochastic
gradient descent with momentum as solver, it will calculate the gradient and update
cost function and reduces it for each epoch, which has been determined as 5.1. By

using the following formula:

0 =8 —n - VOJ(8; x(i); y())- 5.1)

Furthermore, by adding a fraction of last updated, it will speed up the calculation of

the cost function as the following formula 5.2:
vt =yvt—1+nV0J(0) (5.2)
0=0—vt

where 6 means Theta while 1) is the metric tensor in Quantum Field, V is refer to

Nabla and v is the gamma.

A backpropagation has been used where it was described in the previous chapter. The

system is set to use L2 — Norm, so the network will not get diverging.
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Training Options

Solver Name | sgdm v |
Plots and Display Mini-Batch Options
Plots (twaining-prog.._ ¥ | pax Epochs s
Verbose [omv
Verbose Frequency Shuffle | every-epoch A\
Solver Options Validation
Initial Learn Rate 0.0001 ValidationFrequency
Initial Learn Schedule | none v | Validation Patience
Learn Rate Drop Period
Gradient Clipping
Learn Rate Drop Factor
L Gradient Threshold Inf
L2Regularization 0.0001
Gradient Threshold Method | I2norm v |
Gradient Decay Factor 0.95 Sequence Options
Squared Gradient Decay Factor 0.999 Sequence Length | longest v |
Epsilon 1e-08 Sequence Padding Value E}
Hardware Options
Execution Environment | cpu v LJ'

Figure 5.1 Training set options
Step 2: Take the input training image and go through the forward propagation process.

Step 3: Calculate the sum of the errors in the output layer (which is the sum of all four

categories using the equation below)

TotalError = Zt(targ etprobability — outputprobability )2 (5.3)

Step 4: Use the gradient descent to update all the weights and coefficients to reduce
the output error rate.

Step 5: Repetition of steps 2 through 4 with the entire pictures entered into the training
package.

The figure below shows the training with 195 iterations with 93.33% accuracy.
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Figure 5.2 Training

In the end, the result is visualized to show the randomly chosen images when they go
throughout the testing part, and the table shows the original image where the system
indicates whether it is cancer or standard by the prediction as shown in next Figure

5.3:

Visualization/Result :

<« Result 1 - Table (Prediction-Validation) Result 2 - »

No Image Actual Prediction
1 343 png Large Large
2 613.png Normal Normal
3 62.png Small Small
- 593.png Undifferentiated = Undifferentiated
5 237.png Squamous Squamous
6 174.png Adenocarcinoma Adenocarcinoma

Figure 5.3 The results
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Table 5.1 shows some performance metrics for analysis of the system.

Table 5.1 Confusion Matrix

Actual

Positive | Negative

Positive | TP FP
Estimated

Negative | FN N

TP is representing true positives: Meaning the image that is really of cancer and was

assessed by the system as cancer.

TN is representing true negatives: the image that is in real regular and was predicted

by the system as usual.

FP is representing false positives: the image that is supposed to be expected but

predicted by the system as cancer.

FN is representing false negatives: the image which is really supposed to be cancer but

estimated by the system as usual where 60 images were tested in transfer learning.

Equation (5.4) is used to find the accuracy to measure the classification performance,
and it showed to be 93.33%, as seen below in (5.5). For the purpose of recognizing
patterns, retrieving and classifying information, precision and recall are also used [24].
Precision is defined as the fraction of actual occurrences among the retrieved
occurrences, while recall is defined as the fraction of the total amount of actual

occurrences that were retrieved actually [24].

Therefore, using (5.6) the precision was found to be 92.59%, as shown in (5.7), while

with (5.8), the recall was found to be one as indicated in (5.9).

TP+TN

Accuracy = —
y TP+TN+FP+FN

(5.4)

%: 9333% (55)
50+4+6+0
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Precision =

50

TP
TP+FP

——=92.59%

50+4

Recall =

50

TP
TP+ FN

=1
50+0

(5.6)

(5.7)

(5.8)

(5.9)

A specialist doctor was consulted to select the CT scans with cancerous tumors in the

lungs or normal lungs. The specialist also helped while understanding all the scans and

to know where to exactly screenshot the right place and which type it is.

As mentioned in implementation chapter about 100 images have been used for each

type of cancer, and 50 have been used for the average healthy lungs. Without high

performance computer the training and testing weren’t easy because the time needed

to train the data and test it was about 34 hours. Furthermore, the system performed

satisfactorily considering the large amount of data used as input.

Table 5.2 A comparison between different activation functions used.

Activation Accuracy Precision Recall
functions
Relu 93.33% 92.59% 100%
Tanh 80% 84.44% 88.37%
Sigmod 78.33% 86.95% 85.10%
Table 5.3 A comparison between different solver used.

Solver Accuracy Precision Recall
SGDM 93.33% 92.59% 100%
RMSProp 51.66% 48% 46.15%
Adam NA NA NA
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Table 5.2 shows the differences in the results with the change in activation functions.
Relu’s results showed to be the best and suitable for the proposed system. While table
5.3 shows how the other solver that was used doesn't working efficiently. That's why;
the proposed system used SGDM as solver. In comparison to other pervious works,
the current system shows a better overall performance in regards to the calculated
factors of precision, accuracy, and recall. Table 5.4 compares the current approach of

this proposed system with a couple of similar works.

Table 5.4 A comparison between current work and similar works.

Accuracy Precision Recall
Current work | Deep CNN 93.33% 92.59% 100%
CNN 87.69% - 97.46%
9]
Double CNN 99% - 99%
NIN 90% 99% 68%
1231 CNN 90% 85% 85%
[89] RCO & RFs 86.54% 84.6% 84.37%
CNN 79.40% - -
[90] DBNs 81.19% - -
SDAF 79.29% - -
[91] KNN 96.58 % - -
PET-based 76.9% 80.4% 74.6%
2] NN 77.2% 80.7% 75.0%
(93] Optimal DNN 94.56% 94.2% 96.2%
& LDA
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CHAPTER 6

CONCLUSION AND FUTURE WORK

The advances of technology have inevitably affected all the other disciplines,
particularly the medical field. It is well known that cancer is one of the most
challenging diseases to be cured. Many scientists and researchers are trying to come
up with ways to detect cancerous cells earlier to increase survival chances. One of the
approaches scientists for early cancer detection is done by machine learning, which is
considered one of the most efficient techniques. That is why an early lung cancer
detection system is proposed in this work with five different types of lung cancer with
100 CT scan images with 227x227 for each type. A deep learning convolutional neural
network with seven layers has been used and designed in a deep network designer. The
training and testing were done by using transfer learning, and the accuracy was done
by using a confusion matrix, which gave 93.33% accuracy, a precision of 92.59%, and
a 100% recall. These results were compared with other similar works and were

tabulated, which showed that this current work's overall result is better.

In future work, it would be interesting to continue with the work line of this project
and have a complete application for detecting more cancer type, at same time the
program to have the ability predict of growing of the tumors and how much they can

grow and the level that they can reach.
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