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ABSTRACT

Detection Of Cancer Area In Lung Images With The Help Of Deep
Learning Algorithm

Shivan Hasan Mohammed

Master's Thesis

FIRAT UNIVERSITY
Graduate School of Natural and Applied Sciences

Department of Computer Engineering
Graduate School of Natural and Applied sciences
January 2021, Page: xi + 39

With the acceleration of the process of industrialization, and the increasing number of smokers, the
number of deaths due to lung cancer remains high. A large amount of clinical data found that lung cancer
appeared in the form of lung nodules in the early stage. CT imaging is one of the non-invasive detection
methods to find early lung nodules. The use of computer-assisted CT lung nodule detection system can help
doctors in early detection and diagnosis. However, due to the difference in radiation doses and machine
parameters, the brightness, contrast, or irradiation angle of the image database of different hospitals are
different. The training of the detection system cannot improve the performance of lung nodule
classification algorithm by adding data. This causes problems such as low data usage, high label training
costs, and easy expiration of classification models. This research provides the Convolutional Neural
Network (CNN) and its architectures, such as AlexNet, GoogleNet, Resnet18 and Resnet50. We have
included transfer learning by using CNN's pre-trained architectures. These architectures are tested with
large data sets which are SPIE AAPM lung image dataset, which is freely available on the web. Due to the
lack of training data, data augmentation technique has proposed to increase the number of training data
artificially. The Convolution Neural Network architectures' performances were evaluated by some
matrixes, which are confusion matrix, recall, precision and fl-score. Based on the above work, Matlab
R2019b is used to program the pre-trained networks and obtaining the results based on transfer learning.

Keywords: Lung cancer; Transfer Learning; pre-trained model; CNN.
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OZET

Derin Ogrenme Algoritmasi Ile Akciger Goriintiilerinde Kanser Alaninin
Tespiti

Shivan Hasan Mohammed

Yiksek Lisans Tezi

FIRAT UNIVERSITESI
Fen Bilimleri Enstitiist

Bilgisayar Mithendisligi Anabilim Dal1
Fen Bilimleri Enstitiisii
Ocak 2021, Sayfa: xi + 39

Sanayilesme siirecinin hizlanmasi ve sigara igenlerin sayisiin artmasi ile akciger kanserine bagl
Olimlerin sayis1 yiiksek olmaya devam ediyor. Biiyiik miktarda klinik veri, akciger kanserinin erken
asamada akciger nodiilleri seklinde ortaya ¢iktigini buldu. CT goriintiileme, erken akciger nodiillerini
bulmak i¢in invazif olmayan tespit yontemlerinden biridir. Bilgisayar destekli CT akciger nodiilii tespit
sisteminin kullanilmasi, doktorlara erken teshis ve teshis konusunda yardimci olabilir. Bununla birlikte,
radyasyon dozlart ve makine parametrelerindeki farklilik nedeniyle, farkli hastanelerin goriintii
veritabanlarinin parlakligi, kontrasti veya isinlama agist farklidir. Saptama sisteminin egitimi, veri
ekleyerek akciger nodiili siniflandirma algoritmasinin performansini iyilestiremez. Bu, diisikk veri
kullanimi, yiiksek etiket egitim maliyetleri ve siniflandirma modellerinin kolay sona ermesi gibi sorunlara
neden olur. Bu arastirma, Evrisimli Sinir Agi'n1 (CNN) ve AlexNet, GoogleNet, Resnetl18 ve Resnet50 gibi
mimarilerini saglar. CNN’nin 6nceden egitilmis mimarilerini kullanarak aktarim 6grenimini dahil ettik. Bu
mimariler, web'de {icretsiz olarak bulunabilen SPIE AAPM akciger goriintiisii veri seti olan biiyiik veri
setleriyle test edilir. Egitim verilerinin eksikliginden dolayi, veri artirma teknigi egitim verisi sayisini yapay
olarak artirmay1 onerdi. Evrisim Sinir Ag1 mimarilerinin performanslari, karigiklik matrisi, geri ¢agirma,
kesinlik ve fl-score olan bazi matrislerle degerlendirildi. Yukaridaki ¢alismaya dayanarak, Matlab R2019b,

onceden egitilmis aglar1 programlamak ve aktarim 6grenmeye dayali sonuglart elde etmek i¢in kullanilir.

Anahtar Kelimeler: Akciger kanseri; Transfer Ogrenimi; dnceden egitilmis model; CNN.
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1. INTRODUCTION

In recent years, environmental pollution and food safety issues have been a serious threat to
people's health, most urban PM2.5 high, triggered a large number of pneumonia and lung cancer
and other lung diseases [1]. According to incomplete statistics, fine airborne particles are the
leading cause of lung cancer. In addition to improving the living environment, for lung cancer,
early detection, early diagnosis, and early treatment are also necessary means to improve patient
survival. Lung cancer has extremely complex characteristics in clinical medicine. Patients have a
shorter onset time and have a higher probability of being malignant. Once discovered, patients are
mostly in the late stage of the disease, and the cure rate is extremely low.

The main feature of the medical and clinical tissue anatomy diagnosis method for lung
cancer is to make a clinical diagnosis of lung cancer based on histology and lung cancer imaging
anatomy. The main features of the histoanatomical diagnosis method of lung cancer include
bronchoscopy anatomical examination, biopsy tissue anatomy examination and sputum cancer
cell anatomy examination of lung cancer. However, such diagnostic methods can be used as a
diagnosis in sputum and the basis and standards for detecting early lung cancer. Still, for those
lung cancer patients at different early stages of the disease and different life types, cancer cells
may not always appear in their sputum. The main feature of the diagnostic Method of lung cancer
imaging anatomy is to intuitively understand and observe the size, morphology and biopsy of
cancer cells and human lung lesions by using computerized tomography and x-ray anatomical
diagnosis methods of lung cancer. Due to its location, this diagnostic Method effectively avoids
the interference and damage caused by cancer cell biopsy tissue to the body of lung cancer
patients. Nowadays, the Method of imaging anatomy for the diagnosis of lung cancer is the most
widely used diagnostic Method in the current diagnosis of lung cancer.

In recent years, with the continuous development of tomography technology, this
technology has become the most effective lung cancer test method. The lung Computed
Tomography (CT) image is a single-channel high-level image. The doctor can find the area of
cancer and it is benign or malignant by observing the CT image of the chest scan and combining
the patient's clinical symptoms. It is precise because chest CT scans have become more and more
common that it also brings tremendous pressure to doctors to read the film. In the process of
reading the film based on personal work experience and relevant knowledge, doctors will
inevitably have missed and misjudged situations; this is extremely unfavorable for the diagnosis
and treatment of patients. Therefore, the use of computer technology to process the lung CT
image model can significantly improve the speed and accuracy of reading the picture, which is

also a popular research direction in lung cancer detection and diagnosis in recent years.



Deep learning is a rapidly developing field and has many influences on the field of medical
imaging. Currently, medical images are diagnosed by radiologists, physicians, etc. But this
diagnosis becomes very subjective. Radiologists usually have to examine a large number of these
images carefully, and long-term inspection of these images may cause fatigue and lead to errors.
Therefore, this needs to be automated. Deep learning algorithms such as Convolutional Neural
Network (CNN) are commonly used to detect and classify tumors. But they are usually limited by
assumptions made when defining the elements. This leads to a decrease in sensitivity. However,
deep learning may be an ideal solution because these algorithms can learn features from raw
image data. One of the challenges in implementing these algorithms is the lack of labeled medical
image data [2]. Although this is a limitation on all applications of deep learning, the restriction on
medical image data is even more significant due to the confidentiality of patients.

In this research, to identify the pulmonary nodules as benign or malignant, the use of a
standard dataset has proposed to test the competitors more precisely. SPIE-AAPM [3] dataset is
utilized in our research.

The main feature of the early detection and analysis method of lung cancer based on this
deep learning is to extract the features of lung nodules in the included images by analyzing the
images of lung CT through the computer system and its auxiliary diagnosis system. The
detection, segmentation, and classification of early lung nodules that may be contained in the
obtained images are studied, and finally, it can be diagnosed and judged whether the patient's
lung nodules may have lung cancer. Among them, the performance of the system is mainly
reflected in the ability to correctly classify the early lung nodules and their severity of danger.

The early detection data of lung cancer experiment in this article mainly comes from SPIE-
AAPM, an open source CT image database for lung detection. The image database already
contains a large number of early lung nodule samples and their corresponding lung nodule
labels. Therefore, the SPIE-AAPM database is often used by researchers as a model to verify the
correct classification of benign and malignant lung nodules, including the optimized model of the
lung nodule classifier and the image feature extraction of the classifier. The main purpose of
classifying images of benign and malignant lung nodules is to provide doctors and patients with
lung nodules with a more scientific and reliable auxiliary classification result, so that his
diagnosis and treatment process can be more accurate, and in this way effectively help patients
reduce the clinical examination and reading and workload of pulmonary nodules doctors.

In this work, Transfer learning [4] is one of the most common strategies of deep learning
has been proposed. Transfer learning, as the name implies, is to transfer the learned and trained
model parameters to a new model to help new model training. Considering that most data or tasks
are related, we can use transfer learning to share the learned model parameters (also known as the

knowledge learned by the model) to the new model in some way to speed up and optimize The



learning efficiency of the model does not need to learn from scratch (starting from scratch, tabula
rasa) like most networks.

Transfer learning is a useful technique where we might use a pre-trained model like
(AlexNet [5], ResNet18 [6], Googlenet [7], and ResNet50) and adjust the network for the next
application by making specific improvements in the architecture of the network [8]. AlexNet and
the other pre-trained networks have trained for 1000 classes of real-world images. We can use
this network to identify some other classes with some adjustment to the network (i.e.in our
research, we used two classes Benign and Malignant, instead of 1000 classes; furthermore, we

modified the last three layers and fully connected layer to adjust for our work.



1.1. Literature Review

Medical imaging technology plays an essential role in the detection, diagnosis and
treatment of diseases. Due to the instability of human expert experience, deep learning technology
is expected to assist researchers and physicians in improving the accuracy of imaging diagnosis
and treatment and reducing the imbalance of medical resources [9]. Many researchers have
employed deep learning in the field of medical image.

E. Cengil et al. [10] proposed deep learning approach in order to classify lung cancer
detection and classification on binary dataset. This study has used TensorFlow libraries and 3D-
CNN architecture from deep learning. The data have used is from a SPIE-AAPM-LungX dataset
of CT scan. Furthermore, after evaluating the model by confusion matrix, the model accuracy got
70 %.

Z. Shi et al.[11] The study have implemented deep Convolutional Neural Network rely on
Transfer learning (TL) to detect a pulmonary nodule on CT images, it employed a pre-trained
model in Convolutional Neural Network architectures well-known VGG16 that is used for feature
extraction and also the study is used Support Vector Machine (SVM) to classify a nodule from
lung CT images.

B. Almas et al.[12] This study, the performance of Convolutional Neural Networks such as
GoogleNet and AlexNet are examined for the detection of lung cancer. This research used LIDC-
IDRI cancer image dataset. Using GoogleNet and AlexNet, the preprocessed cancer images are
trained to determine the portion of the lungs suffering from cancer. The detection of lung cancer
by the use of GoogleNet and AlexNet is used for network training and identification of images.

T. K. Sajja et al. [13] The implementation of convolutional neural network (CNN) has
demonstrated to classify between benign and malignant tissues on CT images. To decrease the
computation time, the authors recommended a deep neural network based on GoogleNet with a
maximum dropout ratio. At the time of learning, this network decreases the over-fitting by using
the dropout layer. The densely connected architecture of the proposed network was sparsified,
with 60 percent of all neurons installed on dropout layers, to reduce the computational expense
and prevent over-fitting in network learning. This study used LIDC-IDRI cancer image dataset
and compared with several pre-trained Convolution Neural Networks, such as, AlexNet,
GoogleNet and ResNet50.

H. Jiang et al. [14] This research proposed an efficient pulmonary nodule identification
method based on multiple group patches taken from the lung images, which are improved by the
Frangi filter. In this study, convolution neural networks model is constructed to learn the
knowledge of radiologists for detecting nodules on CT images. The scheme was significantly

reduced the false positive depending on the results.



R. V. M. Da Nobrega et al. [15] Inspired by the performance of deep learning in the
classification of natural and medical images, the approach proposed investigates the efficiency of
deep transfer learning for malignancy classification of lung nodules. This research used pre-
trained networks like (VGG16, VGGI19, MobileNet, Xception, InceptionV3, ResNet50,
Inception-ResNet-V2, DenseNet169, DenseNet201, NASNetMobile and NASNetLarge) as
feature extractors to process on CT scans. The Lung Image Database Consortium and Image
Database Resource Initiative (LIDC/IDRI) was used for training the networks. For classifying
these feature extraction, they used Naive Bayes, MultiLayer Perceptron (MLP), Support Vector
Machine (SVM), Near Neighbors (KNN) and Random Forest (RF) classifiers. In addition, the
comparison for evaluation of performances’ classifiers, some matrix have computed such as,
Accuracy, Area Under the Curve, True Positive Rate, Precision and F1-Score.

R. Anirudh et al. [16] the authors have implemented a three-dimensional convolutional
neural network CNN architecture to detect lung nodule on CT images. This study, for training the
Convolution Neural Network, they utilized unsupervised segmentation to grow out the 3D region
on images. The SPIE-LUNGx dataset has experimented through the training the models.

R. M. Devarapalli et al. [17] in this research, there are different types image processing
approach have innovated to detect cancer on images which is Implemented such as median-
wiener filter in the preprocessing step. To detect whether the nodule is cancerous or non-
cancerous, the classification algorithm have utilized , such as Support Vector Machines (SVM),
Forward Neural Networks, Back Propagation model, and Convolution Neural Networks (CNN).

Throughout the literature studies, deep learning have conducted with lots of different
algorithms; owing to its approval, academic and science domain have recently acquired deep
learning. In this research, the lung cancer classification is given out, demonstrating to the early
detection of lung cancer. For processing the models on CT scans images a Convolutional neural
networks have advocated. Some of the popular pre-trained networks namely (Alexnet, Googlenet,

Resnet18 and Resnet50) are used, and Transfer Learning [4] for implementing our thesis.

1.2. Purpose of the study

The purpose of this thesis is to use deep learning algorithms in the process of determining
whether there are cancers on lung images within biomedical images or not. Especially by using
deep learning models to ensure a more accurate and more robust structure is revealed.
Classification and clustering methods for this process will be examined, and the most suitable of

these deep learning architectures will be revealed. Results will be given comparatively.



1.3. Outline of the thesis

The current research is presented as follow:

Chapter Two is a theoretical background of the thesis. In addition, CNN architectures are
described and provide definitions of deep learning and classification algorithms. Moreover, it
gives the descriptions of the evaluation matrix, and models adopted in this thesis.

Chapter Three present with the methodology used in this study. Furthermore, this chapter,
the explanation of deep learning techniques was provides. Also, Chapter Three will explain the
dataset and several evaluation methods which are used in the study.

In Chapter Four, the results of the thesis will be presented, and also the comparison with
other existing methods will be demonstrated. Moreover, this chapter is focused on how model
have experimented the results.

Chapter Five illustrate the conclusion of the research and future works.



2. THEORETICAL BACKGROUND

2.1. Lung cancer

Lung cancer refers to the uncontrolled growth of abnormal cells in one or both lung tissues,
which have the property of developing into malignant tumors [18]. Lung cancer can exist in the
trachea (bronchi) or cavernous lung tissue (alveoli). Lung cancer may also be caused by cancers
that have spread from another part of the body, but these cancers are not considered lung cancers
themselves.

Primary lung cancer can be divided into two categories:

e Non-small cell lung cancer

Non-small cell lung cancer is the more common of the two types of lung cancer,
accounting for about 80% of lung cancers, and is less malignant than small cell lung cancer. If
caught early, non-small cell lung cancer may be cured by surgery, radiation therapy or
chemotherapy.

e Small Cell Lung Cancer

Small cell lung cancer grows fast and spreads quickly to other parts of the body through
blood vessels and lymph. Generally, patients are already at an advanced stage when they are
diagnosed with this cancer. Treatment is usually chemotherapy, or a combination of

chemotherapy and radiation therapy.

2.2. Causes of lung cancer

Doctors cannot fully explain why some people get lung cancer, but others do not. But what
we do know is that some risk factors may make people more susceptible to lung cancer. Smoking
is the most critical risk factor for lung cancer, and more than 80% of lung cancer cases worldwide
are caused by smoking. Harmful substances in tobacco can cause damage to lung cells. Over
time, these cells may become cancerous. This is why cigarettes, pipes or cigars can cause lung
cancer. Non-smokers may also develop lung cancer from inhaling second-hand smoke. The more
smoke you inhale, the higher your risk of cancer [19].

Similarly, the earlier a person starts smoking and the more years of smoking, the greater
the risk of lung cancer. Other risk factors for lung cancer include exposure to radon (a radioactive
gas) radiation, asbestos, arsenic, chromium, nickel, soot, tar, etc., air pollution, and ageing in the

workplace. People with a family history of lung cancer have a slightly higher risk. People who



have had lung cancer have a higher chance of recurring tumors in the lungs. The best way to

prevent lung cancer is martial law or not to start smoking.

2.3. Cancer screening

Screening refers to testing to find potential cancer before symptoms appear. The goal is to
detect cancer as early as possible so that it can be treated at an early stage. Screening tests can
help doctors detect and treat cancer as early as possible. Several possible tests for lung cancer
screening have been studied, such as low-dose lung CT scans. However, studies have found that

this scan is only effective for high-risk groups.

2.4. Deep Learning

Deep learning (DL) is a research direction in the field of machine learning. It is a
representation learning algorithm composed of multiple complex non-linear transformation
structures, including multiple intermediate processing layers, which can automatically perform
high-level abstraction on data [20]. Generally, deep neural networks are feed-forward networks
with one or more hidden layers, similar to shallow neural networks, and can provide modeling for
extremely complex non-linear problems. However, the more layers of the shallower network can
abstract the model at a higher level, thereby improving the ability of the model. There are many
types of deep learning models, such as deep confidence networks. Each layer in the network is a
typical restricted Boltzmann machine, which can be trained layer by layer without supervision;
convolutional neural networks greatly reduce the number of parameters that need to be optimized.
Accepts two-dimensional or three-dimensional image block input, suitable for capturing local
information of vision; cyclic neural network is a type of sequence data input, information flow is
one-way transmission, with feedback connection and memory neural network, suitable for
extracting sequence nonlinearity the timing characteristics of the data.

In today's medical field [9], the diagnosis method of medical images is still manual
reading. Manual reading depends on the clinical experience of doctors, the workload is enormous,
subjective factors have a significant influence on the diagnosis results, and it is easy to cause
misdiagnosis. These problems indicate that it is imperative to seek more efficient medical image
analysis methods. DL learns knowledge from a large number of specific sample data (internal
laws and representation relationships in the data, etc.), and then applies the learned knowledge to
real-world scenarios to solve practical problems, which can reduce the interference of subjective
factors; DL can learn data Multiple abstract levels of features can construct more complex
models; DL has demonstrated excellent performance in speech processing, image processing,

machine translation, natural language processing and other fields, especially in the field of



computer vision where natural images are the processing object A breakthrough has been made.
These characteristics make the application of deep learning methods and medical image analysis

possible.

2.5. Classification

Image classification is one of the earliest applications of DL into the medical imaging field,
which can be divided into whole image classification or target classification. Entire image
classification usually takes the entire image and its category labels as input and performs end-to-
end training on the DL. model to learn the data characteristics of its specific category.

Image classification and recognition based on deep learning has always been a very
important research direction in the field of medical image analysis. The essence of the problem of
image classification and recognition is the process of data fitting. It is a network model that can
simulate human brain analysis to understand the data through a trained network model [7], predict
the input inspection image data, and output a description of whether there is a certain disease or a
quantified and graded diagnostic variable of the severity of a certain disease to assist doctors in
diagnosing the condition and subsequent image research. At present, a considerable number of
studies have confirmed that the image classification and recognition method based on deep
learning has apparent advantages in processing sensitivity, true negatives, and accuracy.

Today, convolutional neural networks are widely used and have become one of the

mainstream technologies in image classification and recognition.

2.6. Deep Learning in medical images field

Deep learning indicates a group of algorithms which is used numerous machine learning
algorithms to work out many problems such as images, videos and texts on a multi-layer neural
network [20]. Deep learning can be divided into neural networks from a broad category, but there
are several changes in a particular performance. The fundamental of deep learning is feature
learning, which goals to get hierarchical feature information through a hierarchical network, so
regards to solve the significant problem of manually designing features in the recent. Deep
learning is a substructure that includes many powerful algorithms, such as Convolutional Neural
Networks (CNN).

In the past few decades, with the speedy expansion and popularization of medical imaging
tools, medical image data has exploded. How to efficiently and precisely analyze medical images
has become a significant challenge. On the other hand, driven by electronic information
technology, the use of computer technology to assist medical image analysis can not only

improve the efficiency of radiologists' analysis and diagnosis but also improve their accuracy.



Therefore, computer-aided detection and diagnosis are becoming an intersecting research field
that has received more and more attention. In the last few years, deep learning technology has
obtained great success in image recognition, target detection and other fields, and has begun to be
applied to medical image analysis. The research content of this thesis is to use deep learning
technology to automatically detect diseased tissues in medical images, especially in Lung images.
One of the primary applications of deep leaning that used in several types of research is image
classification methods.

In medical image classification, one or more images are usually used as input, and a single
diagnostic variable is used as output (for example, whether there is a disease). CNN is the current
standard in the field of image classification [9].

Image classification is one of the earliest applications of deep learning into the medical
imaging field, which can be divided into whole image classification or target classification. Entire
image classification usually takes the entire image and its category labels as input. It performs
end-to-end training on the deep learning model to learn the data characteristics of its specific
category. Typical work is the classification of lung cancer published in IEE by Firat University in
2017 [10]. Target classification is commonly used in medicine to classify or classify specific

lesions, such as the classification of benign and malignant lung nodules.

2.7. Convolution Neural Network

CNN is a discriminative depth structure, including some modules; each module is generally
composed of a convolutional layer and a pooling layer. If necessary, there are other layers behind,
namely corrected linear unit (ReLu) and batch normalization (BN). The last part of the network is
generally a fully connected layer, which constitutes a standard multi-layer neural network.
Concerning structure, these modules are commonly assembled one by one to form a depth model,
so that space and configuration information of the input 2D or 3D image can be fully utilized
[20]. By performing the convolution operation on the input image, the convolution layer shares
all the weights. In actual fact, the function of the convolutional layer is to detect the local features
of different positions in the input image/feature map such as medical CT scans. In medical image
analysis, CNN can be said to be one of the most successful applications of deep learning in the
field of medical diagnosis. In 2015, scholars from the University of South Florida used one of the
variants of CNN-Multi-scale Convolution Neural Network (Multi-scale Convolution Neural
Network) to enable computers to identify lung nodules (pulmonary nodules) from chest CT scan
images. It is one of the bases for the diagnosis of lung cancer), and the accuracy of the proposed
model is as high as 86.84%. However, using images of lung cancer, Teramoto-trained CNN

successfully detects lung cancer with only 71% accuracy.



2.7.1. Convolutional layer

The convolutional layer has two fundamental properties: the first property is the local
connection. Each neuron in the convolutional layer (assuming it is the i-th layer) is only
connected to the neuron in a particular internal window in the next layer (the i-1th layer) to form
a local connection network. The convolution kernel as a parameter is the same for all neurons in
the i th layer. The second property is weight sharing. Weight sharing can be understood as a
convolution kernel that only captures a specific local feature in the input data, so if you want to
extract multiple features, you need to use multiple different convolution kernels. As shown in the
Figure 2.1 (a) is the fully connected layer in the fully connected neural network. The weight
matrix of the fully connected layer has many parameters, and the training efficiency will be
relatively low. Furthermore, Figure 2.1 (b) is the convolutional layer in the convolutional neural
network. The weights of the connections of the same color in the convolutional layer are the same

so that the number of parameters of the weight matrix obtained is greatly reduced.

a) Fully connected layer b) Convolutional layer

Figure 2.1. CNN-Convolutional Layers

2.7.2. Pooling layer

The position of pooling layer is to perform feature selection and decrease the number of
features, thereby reducing the number of arguments. However, the convolutional layer can
significantly decrease the number of connections in the network; the number of neurons in the
feature map set does not significantly decrease. If followed by a classifier, the input dimension of
the algorithm is still very high, and it is facing downwards to over-fitting. To address this issue, a
pooling layer can be added after the convolutional layer to decrease the feature dimension and get
rid over-fitting. Pooling refers to down-sampling each area to obtain a value as a generalization of
this area. Commonly used pooling functions are:

(1) Max Pooling: The most common pool type is max pooling, which occupies the
maximum value in each window. These window sizes need to be specified in advance. This will
reduce the size of the feature map while retaining important information.

(2) Average /Mean Pooling: generally take the average value of all neuron activity values
in the area. The following is an example of the maximum pooling process in the pooling layer, as

shown in Figure 2.2:
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Figure 2.2. Operation of pooling.

2.7.3. Fully connected layer

Fully Connected Layer is a process of linear feature mapping, which maps multi-
dimensional feature input to two-dimensional feature output. The high-dimensional represents the
sample batch, and the low-level often corresponds to the task goal (for example, classification
corresponds to each category Probability). The fully connected layer chiefly repairs the features
to decrease the loss of feature information; the output layer is mainly prepared to output the final

target result.

2.7.4. Dropout

Dropout [21] is a regularization technique to prevent over-fitting. The specific method is to
make a probability decision on the input of each hidden layer. For example, we set the probability
to 0.5 (usually named keep_prob), and according to 0.5, randomly generate one and hide A vector
with the same number of neurons in the layer, the ratio of true:false is 1:1 (because
keep_prob=0.5), multiplying with the neurons in the hidden layer, then half of the neurons in the
hidden layer will be discarded and will not participate in training . Repeat the iterative appeal
operation. Figure 2.3 demonstrate dropout technique.

Regularization: Dropout
“randomly set some neurons to zero in the forward pass”

(a) Standard Neural Net (b) After applying dropout

Figure 2.3. dropout technique [22]
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If we have multiple different models to make predictions together, the generalization error
will be effectively reduced. The problem is that training multiple models is computationally
expensive. Dropout provides us with a new idea: let these models share the same weight
coefficients, but the output results of neurons are not the same. Expressly, the output of the
hidden neuron is set to zero with a 50% probability. In this way, each time backpropagation, the
reference loss is calculated by a different model. In general, Dropout technology breaks the
dependence between neurons and forces the network to learn more robust neuron
connections. We only use it in the fully connected layer because there are so many connections in
the fully connected layer. Dropout is not used in the testing phase. Dropout will prolong the

convergence time, but can effectively suppress over-fitting.

2.7.5. Batch Normalization

Since there are cascaded non-linear operations in the network, the multi-layer architecture
is highly non-linear. In addition to rectification nonlinearity, normalization is another non-linear
processing module that plays an essential role in the CNN architecture. Batch Normalization [23]
(batch normalization) realizes the preprocessing operation in the middle of the neural network
layer, that is, the input of the previous layer is normalized and then enters the next layer of the
network, which can effectively prevent "gradient dispersion ", to accelerate network training. The

specific algorithm of Batch Normalization is shown in the Figure 2.4.

Input: Values of x over a mini-batch: B = {x1_ . }:
Parameters to be learned: v, 5
Output: {y; = BN, s(x:)}

1 T
— — i // mini-batch
s = ;3: mini-batch mean
O B i%:(acZ — ug)* // mini-batch variance
meD
XTq — L HB // normalize
\/ 0123 + ¢
Yi < vZ; + B = BN, g(;) // scale and shift

Figure 2.4. Batch Normalization



2.7.6. Activation Layer

The Activation Layer is responsible for activating the special diagnosis extracted by the
convolutional layer. Since the convolution operation is to perform the corresponding linear
transformation on the input image and the convolution kernel, an activation layer (non-linear
function) needs to be introduced to make it non-linear Mapping. The activation layer is composed
of non-linear functions, as shown in Figure 2.5, such as sigmoid, tanh, and relu. The most
commonly used activation function is Relu, also called a linear rectifier. The formula is expressed

as: f(x) = max (x, 0).

(a) Logistic (b) tanh (¢c) ReLU

(d) LReLU/PReLU (e) SReLU (f) EReLU

Figure 2.5. Activation functions

2.8. CNN architectures

2.8.1. AlexNet

In 2012, AlexNet proposed by Alex Krizhevsky and others won the ImageNet competition
with a significant advantage [24]. This achievement has dramatically stimulated the industry's
interest in neural networks and created a way to use deep neural networks to solve image
problems. Later, more and more excellent results have emerged in this field. Compared with
LeNet, AlexNet has a deeper network structure, including 5-layer convolution and 3-layer full
connection. At the same time, the following three methods are used to improve the training

process of the model:
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Data augmentation: is a processing approach commonly used in deep learning.
Indiscriminately add some changes to training to data, such as translation, zoom, crop, rotate, flip
or increase or decrease brightness, etc., to generate a sequence of images which are similar but
not identical to the original Sample, thereby enlarging the training dataset. Thus, the training data
can be randomly changed to avoid the model from relying too much on certain features, and over-

fitting can be suppressed to a certain extent.

e It uses dropout to avoid over-fitting in the model.

e Jtuses ReLU activation function to decrease gradient vanishing.

The specific structure of AlexNet is shown in Figure 2.6:

Input Image 11X11(96) 5X5(256) 3X3(384) 3X3(384) 3X3(256) 4096 4096 1000
(224X224X3) Stride 4

[] Fully Connected Layers [T] Convolution Layers [] Max-pooling Layers [ | Dropout Layers

Figure 2.6. Alexnet architecture

There are four modules in Alexnet architecture:

e  The first module contains a 96-channel convolution with 11 x 11 steps of 4 and a
maximum pooling.

e The second module contains 5 x 5 steps of 256-channel convolution and a maximum
pooling.

e  The third module: contains two 3 x 3 384 channels and a 3 x 3 256 channel convolution,
followed by a maximum pooling

e The fourth module: Contains two fully connected layers with 4096-channel input, each
fully connected layer is followed by a Dropout layer to suppress over-fitting and the last

1000-channel fully connected layer.

2.8.2. GoogleNet

GooglLeNet is the champion of the 2014 ImageNet competition. Its main feature is that the
network not only has depth but also has "width" horizontally. Due to the massive difference in the

spatial size of image information, it is more challenging to select the appropriate convolution
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kernel size to extract features. Image information with a more comprehensive spatial distribution
range is suitable for extracting its features with a larger convolution kernel, and image
information with a smaller spatial distribution range is suitable for extracting its features with a
smaller convolution kernel. In order to solve this issue, GoogleNet proposed a solution called

Inception module. As shown in Figure 2.7:

Output from | Convolution
Previous Layer Layer(1x1)
Output from ‘ Convolution Convolution
Previous Layer Feature Layer(1x1) Layer(3x3)
v — — B
y Output from (along depth) Output from | Convolution Convolution Con'i:eaattcuraeti 5
Previous Layer Previous Layer Layer(1x1) Layer(5x5) (along depth)
Max-pooling | Max-pooling Convolution
(3x3) ' (3x3) Layer(1x1)
(a)Basic Inception Module Concept (b)Inception Module with Dimension Reductions

Figure 2.7. Inception module

Among them Figure 2.7(a) is the design idea of the Inception module, which uses 3
convolution kernels of different sizes to perform convolution operations on the input image, and
adds maximum pooling. The outputs of these 4 operations are spliced along the channel
dimension to form the output feature map of will contain the features extracted by convolution
kernels of different sizes. The Inception module adopts a multi-path design. Each branch uses a
different size convolution kernel. The number of channels in the final output feature map is the
sum of the output channels of each branch, which will result in output channels the number
becomes very large, especially when multiple Inception modules are used in series operation, the
amount of model parameters will become very large. In order to reduce the amount of parameters,
the Inception module uses the design method in Figure 2.7 (b). Before each 3x3 and 5x5
convolutional layer, add a 1x1 convolutional layer to control the number of output channels; add
it after the maximum pooling layer The 1x1 convolutional layer reduces the number of output
channels. Based on this design idea, the structure shown in the above Figure 2.7(b) is formed. The
architecture of GoogLeNet is shown in the Figure 2.8 below. 5 blocks are used in the main
convolution part, and a 3 X 3 maximum pooling layer with a stride of 2 is used between each

block to reduce the output height and width.
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Input Image TX7(64) 3X3 3X3(192) 3X3
(224X224X3) Stride2, Padding3 Stride 2 Padding3 Stride 2
> Inception3a ‘ > Inception3b » Inceptiondd I 7 -
5X5 128 1024 1000
(Stride3)
TS Inceptiondb = Inceptiondc ‘ > Inceptiondd ‘ 4 F: >
S5X5 128 1024 1000
(stride3)
»| Inceptiondb #» Inceptiondc ‘ »| Inceptiondd ‘ >
7X7 1000

[] Fully Connected Layers [] Convolution Layers [[] Max-pooling Layers
[ ] DropoutLayers [ | Average Pooling [ | Local Response Normalization

Figure 2.8. GoogleNet architecture
GoogleNet modules are listed as below:

e The first module uses a 64-channel 7 x 7 convolutional layer

e The second module uses 2 convolutional layers: first a 64-channel 1 x 1 convolutional layer,
and then a 3 X 3 convolutional layer that increases the channel by 3 times.

e The third module connects 2 complete Inception blocks in series.

e The fourth module connects 5 Inception blocks in series.

e The fifth module connects 2 Inception blocks in series.

e The fifth module is followed by the output layer, which uses the global average pooling layer
to change the height and width of each channel to 1. Finally, it connects to a fully connected

layer whose output number is the number of label categories.

Moreover, the two auxiliary classifiers softmax1 and softmax2 shown in Figure 2.8 are
added to the original author's study. As shown in Figure 2.8, the loss functions of the three
classifiers are weighted and summed during training to alleviate the phenomenon of gradient

disappearance. The procedure here is simplified, and no auxiliary classifier is added.
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2.8.3. ResNet

ResNet was the champion of the ImageNet competition in 2015 and reduced the error rate
of image classification recognition to 3.6%. This result even exceeded the accuracy of standard
human eye recognition. Through the learning of the previous classic models, we can find that
with the continuous expansion of deep learning, the number of layers of the model is increasing,
and the network structure is becoming more and more complex. So if you deepen the network
structure, you will get better results? In theory, assuming that the newly added layers are all
identity mappings, as long as the original layer learns the same parameters as the original model,
the deep model structure can achieve the effect of the original model structure. In other words, the
solution of the original model is only a subspace of the solution of the new model, and a better
result should be found in the solution space of the new model than the subspace corresponding to
the solution of the original model. However, practice shows that after increasing the number of
layers of the network, the training error tends to increase instead of decreasing.

Kaiming He et al [25]. proposed the residual network ResNet to solve the above problems.

The basic idea is shown in Figure 2.9 below.

X
”
J weight layer
weight layer L relu
relu weight layer
weight layer Fix) «'elu
&

_relu

y=F(x) y= FEX)+)(

(a) (b)

Figure 2.9. Residual block of Resnet (a) connection module (b) Bottleneck module

e Figure 2.9 (a): When adding network, map x to y=F(x) output.
e Figure 2.9 (b): (a) is improved, the output y=F(x) + x is not directly learning the

representation of the output feature y, but learning y-x.

If you want to learn the representation of the original model, you only need to set all the
parameters of F(x) to 0, then y=x is an individuality mapping. F(x) = y — x is also called the
residual term. If the mapping of x—vy is close to the identity mapping, it is easier to learn the

residual term in (b) than (a) to learn the complete mapping form.
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The structure of (b) is the basis of the residual network, and this structure is also called a

residual block (residual block). The input x can propagate the data forward faster or propagate the

gradient backward through the cross-layer connection.

The Figure 2.10 shows the structure of ResNet-50, which contains 49 layers of convolution

and 1 layer of full connection, so it is called ResNet-50.

Residual Block | | Residual Block | | Residual Block | | Residual Block | | Residual Block | | Residual Block
(3x3,64) (3x3,64) (3x3,64) (3x3,128) (3x3,128) (3%3,128)
Residual Block | | Residual Block | | Residual Block | | Resicual Block | | Residual Block
Input Image X1(64) 3X3
(254,(224)?3) Striée 2) Stride 2 (3%3,128) (3x3,256) (3x3,256) (3%3,256) (3%3,256)
Residual Block | | Residual Block | | Residual Block | | Residual Block | | Residual Block
(3x3,256) (3x3,256) (3x3,512) (3x3,512) (3x3,512)
3X3 1000

[] Fully Connected Layers [T] Convolution Layers [ ] Average Pooling [T] Max-pooling Layers

Figure 2.10. Resnet architecture
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3. MATERIAL AND METHOD

3.1. Dataset

The data set [3] is produced by SPIE, American Association of Physicists in Medicine
(AAPM), National Cancer Institute (NCI) and from Chicago University, University of Michigan,
and Oak Ridge National Laboratory, launched in 2015 A challenge provided by LUNGx. In this
research, data used were obtained from The Cancer Imaging Archive (TCIA) [26].the objective of
this dataset is to identify the pulmonary nodules as benign or malignant. A dataset include of 83
CT scans from 70 different patients; there are 22,489 unique numbers of images in the whole
dataset. From this 70 patients CT images, 10 CT images (subjects) are used for training and the
other 60 CT images (subjects) are used for testing. All CT scans have 512 x 512 pixels size, and
they are stored in Digital Imaging and Communication in Medicine (DICOM) format. Figure 3.1

shows two different classes of the dataset.

Figure 3.1. Lung cancer and non-cancer samples

20



3.2. Data Augmentation

Data enhancement [27]. Allows limited data to generate more data, increases the number
and diversity of training samples (noisy data), and improves model robustness. Deep learning
require a huge number of parameters, many of them have millions of parameters, and making
these parameters work correctly requires plenty of samples for training. However, in many
practical projects, it is difficult to find sufficient data to complete the task. Randomly changing
the training samples can reduce the model's dependence on certain attributes, thereby improving
the generalization ability of the model. For instance, we can crop the image in different methods
so that the object appears in different positions of the image in different samples, which is also
reducing the sensitivity of the model to the target position. For instance, we can also adjust
factors such as brightness, contrast, saturation, and hue to decrease the model's sensitivity to
color.

Data enhancement is generally used for images, which are some commonly used methods,
such as random crop, random inversion, random contrast enhancement, color change. Generally
speaking, random inversion and a small ratio of random resize, followed by random Crop are
more commonly used. Image data enhancement is usually only for training data and less used for
test data.

Data enhancement is a regularization technique that mainly operates on training data. As
the name implies, data augmentation uses a series of methods to randomly change the training
data, such as translation, rotation, shearing, and flipping. The detailed transformation amplitude
of the data enhancement needs to be designed according to the specific application data. Just pay
attention to one point: applying these simple transformations cannot change the label of the input
image. Each image obtained through enhancement can be considered a new image. In this way,
we can continuously provide new training samples to the model so that the model can learn more
discriminative and generalized features.

The application of data enhancement technology can improve the accuracy of the model
and help reduce over-fitting [27]. Besides, data enhancement can also increase the amount of data
and reduce the large number of manually labeled data sets required for deep learning. Although
the more "natural” training samples are collected, the better, but when it is impossible to increase
the real training samples, data augmentation can be used to overcome the limitations of small data
sets.

In this study, we have used some image processing operations such as the rotation
technique to enhance the training data. Rotating has implemented by applying angles of 45, 90,
135, 180, 225, 270, 315 degrees, as shown in Figure 3.1 for two reasons[28]; we have chosen
with rotation over other techniques. Firstly, doctors can examine histological images of Lung

cancer from different angles without impacting the process of diagnosis. Therefore, utilizing data
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augmentation using rotation moreover improves the dataset. Secondly, the rotation technique has

enlarged the dataset's size without impacting the quality of the input images [29].
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Figure 3.2. Rotation Process in different angels

3.3. Transfer learning

The massive victory of deep learning stems from the certainty that it requires a large
number of labeled training data to obtain excellent learning performance. However, in current
medical lung image analysis, this recommendation is hard to meet, because expert labeling is
high-priced, and data on some diseases such as nodules or lesions are rare [30]. Therefore, in
medical lung image analysis, how to use limited training samples to train deep models has
become an open challenge. One of the most ordinary issues when using limited training data is
that the model is prone to over-fitting. In order to solve the problem of model over-fitting, there is
the primary way to choose is known as transfer learning.

Transfer learning, has been extensively adopted and has shown outstanding performance
improvement capabilities, and it does not need extensive training data. This Method keeps away
from expensive data annotation work in specific application areas. According to the research of S.
J. Pan et al.[4] , transfer learning has classified into three types: inductive transfer learning, that
is, irrespective of whether the target domain is the same as the destination domain, the target and
destination tasks are different; direct transfer learning, that is, the target task it is the same as the
destination task, but the target domain is different from the destination domain; and unsupervised
transfer learning, that is, inductive transfer learning is similar, except that the target task is

different from the destination task, but is related to the destination task.
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The transfer learning approach requires two chief strategies: first, use the pre-trained
network as a feature extractor that is, learn features from scratch; and second, Fine-tune the pre-
trained network on medical images. This method is extensively used in current Medical lung
image analysis. In some specific tasks, these two strategies have achieved good performance
[11,15].

Transfer learning is a useful technique where we might use a pre-trained model like
(AlexNet, ResNet18, Googlenet, and ResNet50) and adjust the network for the next application
by making specific improvements in the architecture of the network [8]. AlexNet and the other
pre-trained networks have trained for 1000 classes of real-world images. We can use this network
to identify some other classes with some adjustment to the network (i.e.in our research, we used
two classes Benign and Malignant, instead of 1000 classes; furthermore, we modified the last
layer and fully connected layer to adjust for our work.

The mechanism of using any pre-trained models will be described in Figure 3.3. The
standard pre-trained models like (AlexNet, ResNet18, Googlenet, and ResNet5) have proposed
for well-organized classification. In this study, all models have altered the last three layers to
adjust the new image classification.

Some other strategies also need attention in the next section, such as data augmentation/

data enhancement.
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Figure 3.3. Transfer Learning Process using pre-trained models.

3.4. Evaluation metrics

When the training of a network is completed it needs to be analyzed with respect to
performance. Several evaluation metrics can be utilized to analyze the performance, such as

accuracy, sensitivity (recall), specificity, confusion matrix and F1-score.
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The accuracy [31] is a measure of the ability of a network to predict the inputs. It is defined
by Equation (3.1), where all the correct predictions are summed and divided by the total number
of predictions. Depending on the value of the prediction, it is rounded to zero or one and
compared to the true label. If the prediction and the label are equal, then it is a correct prediction.
Typically, the average accuracy is plotted as a function of epochs, and the plot provides an
overview of the average accuracy during the training.

Accuracy = TP + TN /TP + FP + FN + TN (3.1)

The sensitivity (recall) is a measure of how good the network is at predicting a tumor, and
is the probability that a prediction will be positive when a tumor is present. It is also called the

true positive rate (TPR) it is defined by Equation (3.2).

Sensitivity = TP /TP + FN (3.2)

Precision is also known as positive predictive value (PPV), which is the ratio of true
positives among individuals identified as positive. Negative predictive value (NPV) is the ratio of

true negatives among individuals who are identified as negative. It is defined by Equation (3.3).

Precision = TP/ (TP + FP) (3.3)

The specificity is a measure of how good the network is at classifying non-tumors, and is
the probability that a prediction will be negative when a tumor is not present. The specificity is

also called the true negative rate. The specificity is defined by Equation (3.4).

Specificity = TN /TN + FP 3.4)

Where TP is true positive, the number of correct classifications of the tumors. The TN is
true negative, the number of correct classification of the non-tumor. The FP is false positive, the
number of the tumors that have been classified as non-tumors. The FN is false negative, the
number of the non-tumors that have been classified as tumors [5]. Normally, TP, TN, FP and FN
are used to obtain a confusion matrix, defined by Equation (3.5). The higher values on the

diagonal are the better classifier.
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TN FP ) 3.5)

Confusion matrix = ( FN TP

The F1-Score indicator combines the output results of Precision and Recall. The value of
F1-Score ranges from 0 to 1. 1 constitutes the best output of the model, and O represents the worst

output of the model. It is defined by equation (3.6).

F1 — score = 2 * (Precision * Recall) / (Precision + Recall) (3.6)
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4. RESULT AND DISCUSSION

4.1. Experimental result

4.1.1. Convolutional Neural Network settings

CNN is a feed-forward network; that is, the flow of information from input to output is
one-way. Just as the Artificial Neural Network (ANN) is inspired by biology, so is CNN. There
are many variants of CNN architecture. Usually, they are composed of convolutional layers and
subsampling layers, which are grouped into modules. In a feed-forward network, one or more
fully connected layers are finally connected. These modules are usually stacked together to form a

deep model. The illustration of CNN architecture is in Figure 4.1.
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Figure 4.1. Representation of CNN architecture

The image is directly input into the CNN network, followed by several stages of
convolution and pooling, and then through the feature representation of one or more fully
connected layers, and finally, through a fully connected layer to output class labels. In this thesis,
we utilized CNN models like (AlexNet, ResNet18, Googlenet, and ResNet50), and the modified
models have altered the last three layers to adjust the new image classification:

o AlexNet: the last three layers of the constructed network with a group of layers are
changed fully connected layer (FC), softmax layer, and output layer (classification) to
classify images into relevant classes.

e ResNet18: The network layers (fc1000, prob, and Classification Layer_predictions) are
replaced with fully connected layer, softmax layer, and classification output layer.
Afterward, the last remaining transferred layer on the network (poolS) is linked to the
novel layers.

e GoogleNet: also, the last three layers of the network are modified. The layers loss3-

classifier, prob, and classification output layer are adjusted with a fully connected layer,
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softmax layer, and an output layer. Later, the last transferred layer still existing on the
network (pool5_drop7x7_sl1) is connected to the new layers.

e ResNet50: The network's (fc1000, fc1000_softmax, and Classification Layer_fc1000)
layers are replaced with fully connected layer, softmax layer, and classification output
layer. Afterwards, the last remaining transferred layer on the network (avg_pool) is

linked to the novel layers.

Therefore, each pre-trained networks have their characteristics. Besides, networks have
depth, parameters in a million and input image size. Table 4.1 demonstrates the main properties

of the models.

Table 4.1. Main characteristics of each network

Network Depth Parameters (Millions) Image Input Size
AlexNet 8 60 227 x 227
ResNet 18 18 11.7 224 x 224
GoogleNet 22 7 224 x 224
ResNet 50 50 25.6 224 x 224

4.1.2. Hardware and software configuration

Hardware configuration
In this study, all experiments result was using a PC with i7 processor, 8 GB memory, and
Windows 10 64-bits. In addition, MATLAB R2019b software was used for performance
evaluation of the network’s architecture. Moreover, deep learning Toolbox has utilized, which
allows a framework to design and implement CNNs, where applications and graphics help to

visualize network activations and monitor the progress of network training. All details are shown

in Table 4.2.

Table 4.2. Hardware identifications

Hardware Characteristics
Memory 8 GB
Processor Intel Core 17-7600 CPU @ 2.80 GHz
Graphics Intel® HD Graphics 620, 4 GB
Operating system Windows 10, 64 bits
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Software configuration

The study was experienced in SPIE-AAPM dataset, this dataset consist of 22,489 CT scans.
The dataset was divided in to two classes, malignant and benign. 70% of this data was used for
training and 30% was used for testing. There are several hyper-parameters used in training option
in Matlab environment. In the field of deep learning, the choice of optimization algorithm is also
the top priority of a model. One of the simple, effective algorithms that used in deep leaning is
Stochastic Gradient Descent (SGD).

In the SGD algorithm [32] in each iteration, gradient descent updates the independent
variable along the gradient of the current position according to the current position of the
independent variable. Since the number of samples selected each time is relatively small, the loss
will decrease in an oscillating manner.

In order to train the deep neural network more effectively, based on the standard small
batch gradient descent method, some improved methods are often used to speed up the
optimization. Common improvement methods are mainly improved from the following two
aspects: learning rate attenuation and gradient direction optimization, where learning rate
attenuation can be understood as adjusting the step size of parameter update, and gradient
direction optimization can be understood as the direction of update make adjustments. These
improved optimization methods can also be applied to batch or stochastic gradient descent
methods [33]. In addition, learning rate has used is 0.0001, maximum number of epochs was 20
epochs, ValidationFrequency was 3 and we make a shuffle on dataset in every epoch. Finally, all

the CNN’s networks are trained by the mini batch size of 64. The Table 4.3 is showed the details.

Table 4.3. CNN network’s training option hyper-parameters and values

Training option Parameters Value
Optimization algorithm SGDM
Learning rate 0.0001
Epochs 20
Shuffle Every epoch
Batch size 64
ValidationFrequency 3

4.2. Results

In this thesis, an evaluation of state-of-the-art pre-trained networks for the task of

classification of lung cancer infection using CT images was done. The objective of this research
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was to compare the CNN models evaluating the accuracy, precision, sensitivity, specificity and

F1-Score by fine-tuning. The results are shown in Table 4.4.

Table 4.4 Pre-trained networks’ results

Performance
Measures Alexnet Resnet18 Googlenet Resnet50
Accuracy 98.52 97.97 94.10 97.05
Recall 99.63 98.89 94.10 98.52
Precision 97.47 97.10 94.10 95.70
Specificity 97.41 97.04 94.09 95.57
Fl1-score 98.54 97.99 94.10 97.09
Time (min.) 67 192 209 525

All the models demonstrated similar and statistically significant performance. Starting with
the accuracy matrix, Alexnet obtained a higher result with 98.52 %, followed closely by
Resnet18, Goolglenet, and Resnet50 with 97.97 %, 94.10 %, and 97.05 %, respectively. On the
other hand, the precision matrix, the higher percentage, is obtained by Alexnet with 97.47 %, and
the lowest one is by Googlenet with 94.10 %, while the result of Resnetl8 is 97.10 % and the
result of Resnet50 is 95.70 %. Finally, in the f1-score, specificity, and sensitivity measurements,
the performance of Googlenet was low, with 94.10 %, 94.09 %, and 94.10 %, respectively. In
contrast to Alexnet that obtained the most acceptable percentage in the evaluation matrix with
98.54 %, 97.41 % and 99.63 %, respectively. Moreover, according to the processing time for
every CNN architectures to perform the classification methods, Alexnet presented the best
performance in taking the shortest time with 67 minutes, followed closely by Resnet18 with 192
minutes, while the extended classification of processing time was for Googlenet and Resnet50
with 209 and 525 minutes respectively. All the above discussions are mentioned in Table 4.4.

Additionally, the confusion matrix of the pre-trained models with the best consequence
based on the performance measures, which are Alexnet, Resnetl8, Googlenet and Resnet50.
Depending on the results, it is possible to visually evaluate the classifier's performance and
determine which classes are spotlighted by the neurons of the pre-trained models. On the
confusion matrix, the rows are present with the output class, while the columns are present to the
actual class.

As identified in the confusion matrix, considering in Figure 4.2, the Alexnet network
correctly classified 264 of 271 standard images. However, it approximated 7 standard images as
lung cancer furthermore, while predicting 270 of 271 lung cancer images correctly and predicted

one lung cancer images incorrectly.
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Figure 4.2. Confusion matrix of Alexnet network

As seen in Figure 4.3 the Alexnet network trained, it obtained the accuracy, learning curve
and loss function. While the trained network with Alexnet, it obtained 98.52% of accuracy rate.
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Figure 4.3. Learning curve and loss function of Alexnet network

As identified in the confusion matrix, considering in Figure 4.4, the Resnetl8 network

correctly classified 263 of 271 standard images. However, it approximated 8 standard images as
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lung cancer furthermore, while predicting 268 of 271 lung cancer images correctly and predicted

3 lung cancer images incorrectly.
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Figure 4.4. Confusion matrix of Resnet18 network

As seen in Figure 4.5 the Resnetl8 network trained, it obtained the accuracy, learning

curve and loss function. While the trained network with Resnetl8, it obtained 97.97% of the
accuracy rate.
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Figure 4.5. Learning curve and loss function of Resnet18 network
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As identified in the confusion matrix, considering in Figure 4.6, the Googlenet network
correctly classified 255 of 271 standard images. However, it approximated 16 standard images as
lung cancer furthermore, while predicting 255 of 271 lung cancer images correctly and

mispredicted 16 lung cancer images.
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Figure 4.6. Confusion matrix of Googlenet network

As seen in Figure 4.7 the Googlenet network trained, it obtained the accuracy, learning
curve and loss function. While the trained network with Googlenet, it obtained 94.10% of

accuracy rate.
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Figure 4.7. Learning curve and loss function of Googlenet network

32



As identified in the confusion matrix, considering in Figure 4.8, the Resnet50 network
correctly classified 259 of 271 standard images. However, it approximated 12 standard images as
lung cancer furthermore, while predicting 267 of 271 lung cancer images correctly and

mispredicted 4 lung cancer images.
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Figure 4.8. Confusion matrix of Resnet50 network

As seen in Figure 4.9, the Resnet50 network trained, it obtained the accuracy, learning

curve and loss function. While the trained network with Resnet50, it obtained 97.05% of accuracy

rate.
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Figure 4.9. Learning curve and loss function of Resnet50 network
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4.3. Comparison of the results with existing methods

In this section, we compare our pre-trained models’ performance with some other existing

works, which are mentioned in the literature review. Table 4.5 is demonstrating the details

comparisons.
Table 4.5. Pre-trained networks compared with existing approaches
Dataset information Existing Method (other methods) Our Proposed Method
No. of Methods
S.No sample Training Testing Authors Used Results AlexNet ResNet18 GoogleNet ResNet50
S
Filter, Sensitivity Sensitivity ~ Sensitivity ~ Sensitivity ~Sensitivity
1 1006 90% 10% H. Jiang Convoluti
etal. [14] on Neural o
Networks 4% 99.63 % 98.89 % 94.10 % 98.52 %
CNN- accuracy Accuracy Accuracy Accuracy  Accuracy
Raul V. et ResNet50
2 1536 80% 20% A with
al. [15] SVM- 88.41 % 98.52 % 97.97 % 94.10 % 97.05 %
RBF
AlexNet
GoogleN
et Accuracy Accuracy Accuracy Accuracy  Accuracy
ResNet50
T K Sai and
3 1006  80% 20% otal '[1";3]33 densely
E connecte
d 100 %, 98.84 %, 98.52 % 97.97 % 94.10 % 97.05 %
. 100 %, and
architectu
re
100%

According to Table 4.5, the existing methods and our pre-trained networks are compared.
H. Jiang et al. [14] nominated Frangi filter and Convolution Neural Networks approach which
are tested on 1006 CT scan of LIDC dataset with 10% testing and 90% training they obtained
94% sensitivity. The pre-trained networks (Alexnet, Resnetl8, Googlenet and Resnet50) are
tested on 1804 CT images with 70% training and 30% testing they got (99.63%, 98.89%, 94.10%
and 98.52%)sensitivity, respectively.

Raul V. et al.[15] Proposed CNN-ResNet50 with SVM-RBF methods; used 1536 CT
samples with 20% testing and 80% training obtained 88.41% accuracy. Our pre-trained networks
(Alexnet, Resnet18, Googlenet and Resnet50) obtained (98.52%, 97.97%, 94.10% and 97.05%)
accuracy correspondingly.

T. K. Sajja et al.[13] Used AlexNet GoogleNet ResNet50 and densely connected
architecture they tested on 80% training and 20% testing dataset samples they got 100 %, 98.84
%, 100 %, and 100 % accuracy respectively.
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4.4. Discussion

Our research SPIE-AAPM dataset has been used; the dataset is a part of the medical
imaging conference at SPIE in 2015. It Includes 22,489 pulmonary CT images with the real data
that is the position of the tumor and other details of which patient has a cancer tumor and which
patient has a non-cancer tumor. Deep learning needs a massive amount of data to correctly work
on the training dataset so that Data augmentation has been used to increase the number of labeled
data artificially. Transfer learning can decrease the required training data and reduce the training
time for deep learning.

In this phase, the dataset used are presents two classes of Lung infection; the dataset was
divided into 70% for training and 30% for testing. Therefore, four pre-trained models, namely
AlexNet, ResNet18, GoogleNet and ResNet50 were trained by the concept of fine-tuning, which
consists of replacing the last three layers, where the final output layer has to be well-matched with
the number of classes.

These pre-trained models are evaluated by different metrics such as accuracy, precision,
recall, and F-Score. As shown in Table 4.4, which offers a general result performance, AlexNet
achieved better results than the other architectures. Besides, Googlenet, shows low performance.

An overview of pre-trained networks (AlexNet, ResNetl8, Googlenet and ResNet50) for
the role of classifying Lung cancer infections using CT images was done. The purpose of this
study is to compare the Convolutional Neural Network evaluating the accuracy, recall, precision,

and f1-score by fine-tuning.
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CONCLUSION

As we all know, Deep learning the training of the model relies on a large amount of data.
Therefore, the two techniques used in our study first technique is Transfer Learning. The second
is a data augmentation technique to tackle the lack of training data and over-fitting issues and not
build a network from scratch. Through using a dataset with fine-tuning models (AlexNet,
Resnet18, Googlenet, and Resnet50), it could classify lung cancer data, i.e., Classification of
Benign and Malignant. Our model's learning in 20 Epoch has obtained a high accuracy and very
fit learning curve with suitable training time. By applying these techniques and obtaining a high
performance of the model evaluation, we early confirmed lung cancer detection to protect patients
from death. In the future, we would compare our model to some other models and improved the

data with the proposed model.
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