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ABSTRACT

ANEW METHOD BASED CNN COMBINED WITH GENETIC
ALGORITHM AND SUPPORT VECTOR MACHINE FOR COVID-19
DETECTION BY ANALYZING X-RAY IMAGES

Dawood, Karam Mohammed Dawood
MSc, Electrical and Computer Engineering, Altinbas University,
Supervisor: Prof. Dr. Osman Nuri UCAN
Date: February 2022
Pages: 52

COVID-19 is an infectious disease caused by the newly discovered coronavirus. This new type of
virus and disease was unknown before the outbreak that emerged in Wuhan, China in December
2019. COVID-19 poses a serious threat to public health. Older adults and people with pre-existing
medical conditions such as diabetes, high blood pressure, heart disease, chronic lung disease and
obesity are at increased risk for serious illness and complications. Last year, a computer scientist
used various machine learning and deep learning techniques to detect Covid-19.

In this study, efficient Covid-19 detection framework presented to detect Covid-19 by analyzing
x-ray tests. The proposed framework based CNN combined with genetic algorithm and SVM
classifier. The main contribution in this study is combining CNN with genetic algorithm and SVM
to detect Covid-19 with accurate estimation and minimum execution time. Several scenarios are
executed to validated the presented method . Finally, the obtained results compared with several

studies presented to solve this problem.

Keywords: Covid-19, Genetic Algorithm, SVM, CNN.
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1. INTRODUCTION

COVID-19 is a serious epidemic in Wuhan, China in December 2019 that infects humans from
bats, spreads worldwide in a very short time, and is a pandemic and catastrophic health system in
many countries. became. Severe Acute Respiratory Syndrome, COVID-19, causes severe
respiratory failure in infected organisms with fatal consequences as the disease progresses. The
main signs and symptoms of the disease are: It is known as fever, dry cough, sore throat, headache,
malaise, malaise, diarrhea, and shortness of breath. In more advanced cases, the disease progresses
to severe pneumonia, which can cause pneumonia due to oxygen imbalance and multiple organ
failure. Especially for people with chronic illnesses, those with weak and immune defenses,
smokers and the elderly, the disease has far more dangerous and debilitating consequences [1-4].
COVID-19 is usually spread by physical contact, for example. B. by breathing, hand or mucus
contact with a person carrying the virus [5]. Antibiotics, antimalarials, antipyretics, cough
suppressants, and pain relievers are often used to treat illness after infection. Hospitalization of
infected patients depends on the degree, condition and severity of the disease. The number of
patients infected with the COVID-19 virus around the world is increasing day by day. Even
powerful countries like the United States, Italy and Spain have failed to protect themselves from
the virus and are badly affected. With all of this information in mind, early diagnosis of the disease
facing the healthcare system is essential to completely preventing a pandemic, or at least
minimizing potential damage from the virus. In other words: at least suspected cases must be
detected quickly, accurately and without error [6].

Coronavirus disease (COVID) was first reported by the World Health Organization (WHO) on 31
December 2019, with pneumonia cases of unknown origin being reported in Wuhan, China.
Subsequently, it was announced that the identified cases were due to a new virus called 'novel
coronavirus 2019' (2019-nCoV). After WHO declared this disease as an epidemic causing a global
health emergency on January 30, 2019, COVID-19 reached the pandemic stage in March 2020. It
has deeply affected all world health systems, economic and social mobility. The new Coronavirus
2019 (2019-nCoV) was later named as severe acute respiratory syndrome coronavirus (SARSCoV-
2), describing its clinical features [1,2,3].

COVID-19 droplet infection can be transmitted by direct contact or fecal-oral route, and its clinical

course is asymptomatic for the first 2-14 days, then upper and lower airway response lasting for a



few days, followed by hypoxia in the lung, ground glass opacities, ARDS. It has been stated that
it can be examined in three different stages that can progress [4,5]. In the first asymptomatic stage,
SARS-CoV-2 spikes glycoproteins and, unlike nasal cavity or other respiratory system viral
infections, primarily binds to alveolar epithelial cells in the lower respiratory tract, especially
through the ACE2 receptor, and enters various intracellular protein synthesis and viral RNA
replication-transcription complexes. It is known that the virus multiplies by activating, the mature
viral particle is released to infect other cells, but a limited innate immune response occurs [6,7,8].
In the second stage, where the virus continues to replicate and reaches the lower respiratory tract
from the upper respiratory tract, the patient's clinical symptoms (fever, cough, sore throat,
weakness, myalgia, headache, shortness of breath, loss of taste and smell, less frequently
abdominal pain, diarrhea, etc.) in the airways, it is limited to mild to moderate symptoms . 3 In the
remaining 15-20% of the patients, increased cytokine secretion, cellular apoptosis, inflammatory
response, diffuse alveolar damage, fibinoid exudate in the alveolar space, giant cell reactions,
especially type 2 pneumocyte cells in the alveoli, which are functional pulmonary units, are
infected with the virus. At this stage, pulmonary ground glass/consolidation is detected as a
radiological finding, and ARDS develops depending on factors such as the patient's immunity
status, age, concomitant chronic diseases, and a possible genetic susceptibility that is not yet
known. Mortality rates are lower (about 2%) compared to SARS and MERS, but mortality rates
are reported to be higher (8-15%) in the population aged >80 years. It is also known that COVID-
19 can cause infection and myocardial damage in the gastrointestinal system and central nervous
system (encephalitis, necrotizing encephalopathy) with neurotropic effects.

Currently, the real-time reverse transcription polymerase chain reaction (RT-PCR) is widely used
to diagnose and diagnose COVID-19. Chest x-rays, such as computed tomography (CT) and x-
rays, are preferred for the early detection of COVID-19. The rapid spread of the disease and
increasing death rates in many countries indicate the need for effective treatments. Therefore,
treatment of the disease, including diagnosis, early quarantine, and follow-up care, is imperative.
Right now, Al can contribute to the above perspective. Despite the strong similarities and severe
shortage of skilled workers between COVID-19 and traditional pneumonia, artificial intelligence
(Al) -based self-recognition models could be an important step towards significantly reducing
testing times. There is sex [8]. In this context, effective Artificial Intelligence (Al) solutions to

solve complex problems are essential. The research solution provides more accurate and less



expensive diagnostic treatment and diagnosis for COVID-19 and related diseases. Today,
especially in the medical field, positive results are achieved with deep learning techniques that use
image data sets such as retinal deep learning images, chest x-rays and MRI cerebral. It is used in
many applications to extract, analyze and recognize data patterns [7].

In this study, three different conditions (COVID-19, viral pneumonia, and normal state) were used
to diagnose COVID-19 using the widely used deep learning approaches, the New Structure
Convolutional Neural Network (CNN) technique. ) and the SoftMax method to diagnose. The aim
of this study is to diagnose and identify patients with COVID-19. In the second part of the study,
a bibliographic search is carried out; In the third part the details of the method and technique are
presented, in the fourth part - the experimental data and finally in the fifth part - the results and

suggestions that were received after the study.
1.1 THESIS QUESTIONS

In this part of the study, several questions are presented after deep literature in the field of
detecting and recognizing covid-19 using machine learning and deep learning techniques. We

determine number of questions that we will answer them in this study:

What is the Covid-19?

How can developed deep learning based framework to detect the Covid-19 by analysing the
X-ray images?

Why convolutional neural network was used in most of studies and how can developed new

structure without using transfer learning techniques?

1.2 RT-PCRTEST

SARS-CoV-2 is an enveloped virus whose genetic material consists of single-stranded RNA.
Laboratory diagnostic tests used in COVID-19 infection include two main categories; nucleic acid
hybridization-related techniques, the first of which is based on the detection of SARS-CoV-2 viral
RNA by reverse transcriptase polymerase chain reaction (PCR) during the acute infection phase;
the second one is the techniques based on the detection of immunoglobulin M and immunoglobulin

G antibodies or antigenic proteins by serological immunological methods in the subacute-recovery



period in individuals exposed to the virus.7 RT-PCR test in which viral nucleic acid is detected as
a diagnostic method for the detection of SARS-CoV-2 virus is considered the gold standard. It is
a molecular technique based on amplifying very small amounts of viral genetic material to
detectable levels in a nasopharyngeal swab sample (studies using serum, stool, and ocular
secretions have also been reported) for testing. In the RT-PCR test, reverse transcriptase (RNA
dependent DNA polymerase) enzyme recognizes the relevant region through DNA primers that
bind to the target region of the viral genome to replicate and creates complementary DNA (cDNA)
from the target segment of viral RNA, and this DNA strand is synchronized with the DNA
polymerase enzyme in real time. reproduced [23,24]. The amplification process is repeated for
about 40 cycles until the replicated cDNA is detected by fluorescent dye-labeled DNA probes.7
Most of the PCR-based molecular diagnostic tests developed are for SARS-CoV-2's nucleocapsid,
spike protein, RNA-dependent RNA polymerase, or envelope. It targets genomic regions
associated with proteins. Thanks to advances in molecular detection of the viral genome by
replicating it, HMPV, endemic coronaviruses, HBoV, SARS (2003), MERS (2012) and 2019-
nCoV (SARS-CoV-2) viruses have been discovered in recent years. See Figure 1.1.



Figure 1.1: Rt-Pcr Test

1.3 X-RAYS

It is a very effective way of looking at bones and can be used to help detect a number of conditions.
X-rays are usually performed by trained specialists called radiographers in hospital x-ray
departments, but can also be done by other healthcare professionals, such as dentists. X-Ray is a
type of radiation that can pass through the body. They are invisible to the naked eye and you cannot
feel them. As X-rays pass through the body, they are absorbed at different rates by different parts
of the body. A detector on the other side of the body takes the X-rays after they pass and converts

them into an image. Dense parts of your body, such as bone, that X-rays find more difficult to pass



through appear as light white areas in the image. Softer parts, such as your heart and lungs, where

X-rays can pass more easily appear as darker areas.

Figure 1.2: X-Ray



2. RELATED WORKS

2.1 LITREATURE REVIEW

In [8] Tawsifur Rahman et al. We proposed a new UNet model and compared it to the standard U-
Net model for lung segmentation. The new U-Net model achieved 98.63%, 94.3% and 96.94%
accuracy, lung segmentation transition index (loU), or cube. The gamma-ray amplification method
IS superior to other methods for detecting COVID-19 on straight segment chest X-rays.. The
proposed approach is extremely robust and has comparable performance, increasing the speed and
reliability of COVID-19 detection by chest X-ray.

In [9] Stefanos Caracanis et al provide a new approach to COVID-19 detection that uses an
artificial antagonist network to generate synthetic images and increase the amount of data
available. It also follows a simple architecture and provides two deep learning models proportional
to the total amount of data available. Our experiments focused on both the dual classification of
COVID-19 and normal cases, as well as various classifications, including third-class bacterial
pneumonia. Our model competed with other studies in the literature and the ResNet8 model. The
most efficient binary model achieved 98.7% accuracy, 100% sensitivity, 98.3% specificity, and
the tri-level model achieved an accuracy between 98.3% and 98.3% with 99.3% specificity. In
addition, our model, which adopts the testing protocol recommended in the literature, is more
reliable in detecting COVID-19 than the reference version of ResNet8, which prints COVID-19

on X-rays of the anterior sinuses. A good candidate for viewing.

In [10] Hao Quan et al. It provides a deep learning framework that integrates convolutional
DenseCapsNet, a new deep learning framework, is based on a combination of dense convolutional
network (DenseNet) and capsular neural network (CapsNet) and takes advantage of the respective
advantages of convolutional neural networks and their dependence on large amounts of data. To
reduce. This method can provide 90.7% accuracy and 90.9% sensitivity as well as an F1 value for
COVID detection. 19 has 96% bandwidth. These results demonstrate that the
DenseCapsNetDeepFusion neural network is suitable for the radiological detection of novel

coronavirus pneumonia.



In [11], Muhammed Attika Khan et al. We present a detailed program for the classification of
COVID-19 pneumonia infections using a conventional breast scanner. With this in mind, a 15-
layer convolution architecture has been developed for neural networks that extract depth features
from wireless image samples. Detailed features are collected at two different levels, a common
intermediate group and a fully connected level, and combined using the highest level of detail
(MLD) approach. The damage method is then integrated into the main project and the most

distinctive features of the human group are selected.

In [12] Sert Panwar et al. We proposed a deep learning method based on the nCOVnet neural
network, an alternative rapid detection method that can be used to detect COVID-19 by analyzing

X-rays.

In [14] Turkish Tunceretal. A new approach was presented to classify fuzzy trees for the detection
of Covid-19. Covid-19 disease is similar to pneumonia, so in this study B. B. We used three classes
of datasets, including Covid-19, pneumonia, and traditional chest x-rays. This dataset represents a
new machine learning model called a model model. First, we applied a fuzzy tree transform to
each medium length image, which was used to derive 15 images from one medium length image
(in this study, we created an F tree at three levels. Hat). .. Then there is a separation in the example
of these images. A native multicore binary model (MKLBP) is applied to each instance and image
to create a function. The most interesting functions are selected by the adjacent Recursive
Component Function Selector (INCA). The INCA selected 616 most characteristic traits and

transferred them to 16 classifiers in 5 groups.

[18] Placido L. Vidal et al .. Using a series of examples, he proposed a methodology to transfer
knowledge from known disciplines to new and less complex disciplines. Using a pre-trained
segmentation model based on pathologically independent MRI of the brain, a two-stage
information transfer is carried out to create a robust system that enables computerized
segmentation of the lung region without sampling. Notebook. Therefore, this methodology has
achieved a satisfactory level of accuracy. COVID-19 patients have 0.9761 £+ 0.0100, healthy
patients with symptoms such as COVID-19 (e.g. pneumonia) have 0.9801 + 0.014, and healthy
patients have 0.9769 + 0.0111 natural lungs .. .



[19] Emtiaz Hussein and others at CNN have proposed a new model called CoroDet that
automatically detects COVID-19 using chest x-rays and computed tomography. The impact of the
proposed model has been carefully compared to 10 existing methods for detecting COVID. In the
model, which was significantly improved compared to the proposed model, successes were
achieved in the 2nd year 99.1%, in the 3rd year 94.2% and in the 4th year 91.2%. It offers the most
reliable information compared to existing COVID-19 detection methods. In addition, the X-ray
image data set created for the evaluation of the procedure is the largest data set for the detection
of COVID.

In [20] Ayan Kumar Das et al., Developing an Automated Covid-19 Detection Model to Identify
Patients with This Disease on Chest X-ray.. Model performance was evaluated using three training
models, showing that VGG-16 outperformed CNN and ResNet-50. The VGG-16 has an accuracy
of 97.67%, an accuracy of 96.65%, a recovery factor of 96.54% and an F1 value of 96.59%.
Performance reviews also show that this model is better than the two existing models for testing
Covid-19.

[21] Sheetal Rajpal et al. used the ResNet-50 continuous learning function to train the network
with a set of preprocessed images to obtain 2048 feature vectors. In the second module, the rate
and frame rate were reduced to 64 functions using PCA. Then connect them directly to the neural
network to create an array of 16 functions. The third module combines the features of the first and
second modules and passes them to the high-density layer and then to the softmax layer to provide
the desired classification pattern. In addition to the chest X-rays of Mendelli and Kagurus, chest
X-rays of COVID-19 patients from four independent populations with pneumonia and generalized
cases were also used. 10 cross-checks to determine the effectiveness of the proposed model. The
model provided a sensitivity of 0.987 = 0.05, 0.963 £ 0.05, and 0.973 &+ 0.04 with an overall ranking
accuracy of 0.974 + 0.02 and a 95% confidence interval. .. Normal severity of COVID-19 and

pneumonia.

In [22], Sobhan Sheykhivand et al. A new method of automatically identifying pneumonia
(including COVID-19) using the proposed deep neural network is introduced. The proposed
method uses a chest x-ray to classify grades 2 to 4 in 7 different functional scenarios (health, virus,
bacteria and COVID-19). The proposed architecture uses a Contrast Network (GAN) which



combines data transmission and deep learning with LSTM networks for pneumonia classification

without the need for feature extraction / selection. Over 90% accuracy in all failure scenarios.

In [23] Osama Shahid et al. We will discuss the role ML plays today in combating viruses,
particularly in terms of detection, prognosis and vaccination. In this expedition, they provide a

complete overview of algorithms and machine learning models that can combat viruses.

In [24], Fatih Demir proposes Sobel watershed signals and gradient segmentation are applied to
the original image to improve performance. the proposed model in the process of preprocessing.
Experimental studies were conducted using a publicly available dataset on COVID-19, pneumonia,
and normal (healthy) chest radiographs. Overall, the proposed model significantly improves on
existing radiological approaches and is very useful for radiologists and physicians to identify,

quantify and monitor COVID19 cases during a pandemic. This could be a great app.

[25] Priyansh Kedia et al., Use key diagnostic skills to identify COVID-19 infected patients with
chest x-rays to help radiologists and healthcare providers fight this epidemic. We proposed a
deeply convolved neural network model, and the experimental results showed that the overall
classification accuracy obtained using the proposed three-tier approach for classifying COVID-19,
pneumonia, and normal conditions was 98.28% with average accuracy. the answer is 98%. 33%
and 98.33% also clearly show that dual classification of COVID-free and COVID-free chest

radiographs provides an overall accuracy of 99.71%.

[26] Ines Fekki et al. It is an integrated collaborative learning platform that enables multiple
healthcare organizations to detect COVID-19 using chest x-rays without sharing patient
information through deep learning. Sent. It describes some of the key features of a relational
learning environment, such as providing identical (no IID) and disproportionate online and
distributed data. They experimentally show that the proposed integrated learning framework
provides competitive results in trained data exchange models based on two different model
architectures. These results encourage healthcare professionals to implement a common process

and use a wide variety of personal data to build robust models for COVID-19 detection.

[27] Danial Sharifrazi et al combined a convolutional neural network (CNN), a vector support
machine (SVM), and a Sobel filter to collect new COVID-19 image datasets from X-rays and X-

rays. J. made an offer. Package delivery service. A high-pass filter that captures the edges of the

10



image using a Sobel filter.. Show 95%. Sobel filters have been shown to improve CNN

performance.

In [28] Soham Das et al. The functional surface learning classifier extracted from VGG19 from x-
ray images was used to develop a two-step predictive model for healthy patients, pneumonia
patients, and COVID-19 patients. This model is used for Normal, Pneumonia, and COVID 3168.
We created the dataset by examining CXR images from various sources including the SIRM
COVID-19 Database, Chest Imaging (Twitter) , the COVID chest x-ray dataset and x-rays. The
experimental results confirm the superiority of the proposed model (precision of 99.26%) over the
most efficient estimation method used here (precision of 96.74%).

In [29] E. Gotay et al. Collect global records from around the world, process and extract the number
of confirmed cases for a given date. Supplied as a template for a training kit. The model is trained
with monitored machine learning algorithms and the number of visitors is expected to increase in

the coming days.

In [30] Prottoy Saha et al. Introducing the EMCNet Self-Identification System for Chest X-Ray in
COVID-19 Patients. With an emphasis on the simplicity of the model, a convolutional neural
network was developed to extract high-quality features from x-ray images of patients infected with
COVID-19. Machine learning binaries (Random Forest, Support Vector Machine, Decision Tree,
AdaBoost) are designed to detect COVID-19 using extracted functions. Finally, we combine the
results of these classifiers to create the most appropriate classifiers for records of different sizes
and resolutions. Compared to other new deep learning systems, EMCNet has improved
performance: 98.91% accuracy, 100% accuracy, 97.82% response rate, and 98.91% response rate.
, 89% F1. This system can provide highly automated COVID-19 detection with instant detection

and few false negative results.

In [31] Adeyinka P. Adedigba et al. Introducing COVID-19 X-ray Diagnostic Techniques (CXR)
and Explaining the Deeper Installation Issues Related to COVID-19 due to the small dataset and
class imbalance of most CXR datasets available. This flexibility allows for quick retraction and
prevents the seat post plate from tangling. In addition, we have solved the problem of the high
computational load of deep models through the application of memory-based algorithms and

efficient machine learning with varying degrees of precision. The model performed well despite

11



the paucity of data sets. And in general. The verification precision was 96.83%, the sensitivity and
specificity 96.26% and 95.54%, respectively. If the model is tested with a whole new set of data,
it achieves 97% accuracy without additional training. Finally, visual interpretation of the model
results shows that the model helps radiology technicians quickly identify symptoms of COVID-
19.

Fei Shan et al. developed a deep learning-based system for automatic segmentation from chest
computed tomography images for the diagnosis of COVID-19 disease. They used the “VB Net”
neural network for their deep learning-based segmentation. They conducted training using 249
COVID-19 images to segment the infection sites of the COVID-19 disease with computed
tomography images. They adopted the strategy in the identification cycle of computed tomography
images for education (HITL). They calculated their deep learning-based system from the results
of membrane similarity coefficient, volume, percent differences, infection (POI), automatic and
manual segmentation. The proposed system obtained the membrane similarity coefficient s as
91.6% and 10.0% in automatic and manual segmentation, respectively. Automatic and manual
segmentation achieved a mean POI estimation error of 0.3% for s and all. Validation dataset
usually takes 1 to 5 hours compared to full manual identification cases. The 3 model update
iterations in their proposed loop strategy reduced the identification time to 4 minutes. The datasets
include cases from anterior and posterior x-ray images of patients. As a result of the study using
the publicly available dataset, they obtained 96.3% accuracy and 0.151 losses. They defined the
deep learning model studied on the dataset images they created from different cases around the
world as three false positives and one false negative case. They have automated the diagnostic
model of COVID-19 disease [61].

Chuansheng Zheng et al. developed an automatic deep learning-based model for the diagnosis of
COVID-19 disease from computed tomography images. They used 3D CT volumes to detect
COVID-19. They fed segmented 3D lung regions with segmented 3D lung regions using a pre-
trained UNet for each case with a 3D deep neural network to predict the probability of transmission
of COVID-19 cases. 499 CT volumes collected from 13 December 2019 to 23 January 2020 were
used for training. , 131 CT volumes collected between January 24, 2020 and February 6, 2020
were used for testing. Deep learning algorithms achieved an accuracy of 0.959 ROC AUC and
0.976 PR AUC. The classification algorithms as COVID-positive and COVID-negative provided

12



0.901 accuracy. They obtained a positive predictive value of 0.840 and a negative predictive value
of 0.982. Their algorithm required 1.93 seconds to process the CT volume of a single patient using
a dedicated GPU [62].

Joseph Paul Cohen and colleagues presented a score prediction model for the diagnosis of COVID-
19 pneumonia from anterior chest X-ray images. Their work aimed to measure the severity of
COVID-19 lung infections and pneumonia in general. Images taken from a publicly available
COVID-19 database were scored retrospectively by three experts and tagged and created the
datasets. Their work predicted the outcome of regression model training on a subset of outcomes
from pre-training, with a geographic coverage score (0-8) mean of 1.14. Absolute error (MAE)
and lung opacity scores (0-6) achieved an MAE of 0.78 [63].

Ophir Gozes and colleagues have created a dataset from a large number of international CT images
for the diagnosis of COVID-19 disease. Using 2D and 3D deep learning models, they presented a
system that modifies and adapts existing artificial intelligence models, combining them with
clinical understanding. COVID-19 thoracic computerized They analyzed the performance of the
system by determining the tomography features and used 3D skin examination. They performed a
retrospective experiment to create a "Corona score" by evaluating the evolution of the disease over
time in each patient. The datasets included a test set of 157 international patients. Classification
results for coronavirus and non-coronavirus cases per thoracic computed tomography studies as a
result of their study 0.996 AUC (95%CI: 0.989-1.00) accuracy. The probable study point in
Chinese cases achieved 98.2% sensitivity, 92.2% specificity [64].

D. Javor et al developed a simplified deep learning-derived machine learning classifier for the
diagnosis of COVID-19 disease. Training the open source dataset consisting of 6868 computed
tomography lung images of 418 patients and validation subsets. They achieved 95.6% Area Under
The Curve (AUC) overall accuracy in the independent test dataset of 90 patients [65].

Govardhan Jain et al. have carried out a four-stage deep network model design using existing
resources and advanced deep learning techniques for rapid diagnosis of COVID-19 disease. They
classified a total of 1832 x-ray images as healthy, bacterial and other viral origin. As a result of
the study, they obtained 97.77% classification accuracy and 97.14% accuracy for COVID-19

disease diagnosis [66].

13



Shuo Wang and colleagues created a dataset containing 5372 images from seven different cities
for the diagnosis of COVID-19 disease from lung computed tomography images. Performed
operations on four external validation sets, yielding 86% AUC from viral pneumonia 87% AUC
from other pneumonia. The systems succeeded in dividing patients according to high and low risk

groups [67].

Y.Pathak et al. obtained 96.22% training and 93.1% test accuracy rate by using the CNN
architectural model for the diagnosis of COVID-19 infected patients [68].

Zhua Tao et al. created a dataset by combining the aggregated datasets used in previous studies
and new images from the healthcare institution, and conducted training and testing on different
deep CNN networks [69].

M.Tirkoglu suggested the ELM-based Deep Neural Network (ELM-DNN) method of lung
computed tomography images for the diagnosis of the disease, and performed deep feature
extraction from CNN and CT images. The model suggested in the diagnosis of the disease is
98.28% achieved success [70].

Lu Huang et al. classified the lung computed tomography images for the diagnosis of COVID-19
disease as mild, moderate, severe and critical according to the laboratory and clinical picture of
the patients. The study was compared with commercial software and follow-up computed

tomography images [71].

Shervin Minaee et al. created a dataset from 5000 chest X-ray images from publicly available
datasets. They used transfer learning on a subset of 200 radiograms to train four popular
convolutional neural networks, including ResNet18, ResNet50, SqueezeNet, and DenseNet-121,
to identify COVID-19 disease. As a result of their studies, most of their networks achieved a

sensitivity rate of 98% (+3%), and the specificity rate reached approximately 90% [72].

Song Ying et al. created a data set from the computed tomography images of 88 patients diagnosed
with COVID-19, 101 patients with bacterial pneumonia, and 86 healthy people from hospitals in
two cities of China for the diagnosis of COVID-19 disease. They developed a computerized
tomography diagnosis system with deep learning methods for the diagnosis of the disease. As a
result of their studies, they achieved a sensitivity of 0.99 AUC and 0.93 [73].
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Halgurd S. Maghdid et al. aimed to create a dataset with x-rays and CT scan images from many
sources. In their study, they applied Convolutional neural network (CNN) and modified pre-trained
AlexNet model to the datasets. Up to 98% accuracy and modified CNN on studied models using
94.1% accuracy [74].

Xuehai He et al. propose a self-supervised learning method with a synergistically integrating
transfer learning Self-Trans approach in their work. Self-Trans approaches obtained F1 score and
AUC values of 0.85 [75].

Ezz EI-Din Hemdan et al. have run their x-ray images with seven different deep convolutional
neural network models such as COVIDX-Net, modified Visual Geometry Group Network
(VGG19) and the second version of Google MobileNet. VGG19 and dense convolution network
(DenseNet) models obtained f1 values of 0.89 and 0.91 for normal and COVID-19, respectively
[76].

Amine Amyar et al. presented an automated classification segmentation tool to aid in the diagnosis
of COVID-19 disease. They aimed to evaluate the lesions in the segment and the severity of
pneumonia from computed tomography images. Their architecture is derived from a common
encoder for three decoded feature representations consists of. Datasets were created from 449
COVID-19, 425 normal, 98 lung cancer and 397 different pathology types. As a result of their
studies, they obtained a coefficient higher than 0.88 for segmentation and a classification higher
than 97% for the area under the ROC curve [77].

Muhammad Farooq and his friend used 3 different steps to fine-tune the ResNet-50 model of the
CNN architecture pre-trained with open-access datasets, and they named these steps as COVID-

ResNet. Their study achieved an accuracy of 96.23% across all classes [78].

Using deep learning techniques, Xiaowei Xu et al. created a data set from IAVP, healthy cases and
cases diagnosed with COVID-19 through lung computed tomography images. They created the
CT images they used in their dataset from three designated hospitals in Zhejiang. Datasets total
618 CT contains the sample. Their study achieved an overall accuracy rate of 86.7% for all

computed tomography image cases [79].

15



Md Zahangir Alom et al. proposed the Inception Residual Recurrent convolutional neural network
approach with transfer learning for the detection of COVID-19 disease. They used the NABLA-N
network model to segment COVID-19 infected regions. The detection models achieved
approximately 84.67% test accuracy from x-ray images and 98.78% accuracy from CT images. As
a result of their studies, they obtained a superior sensitivity of 1.00 (95% confidence interval (CI)
0.95, 1.00) and an F1 score of 0.97 [80].

Aayush Jaiswala et al. used pre-trained deep learning in their article due to limited image datasets.
They propose DenseNet201-based deep transfer learning (DTL) to classify diagnosed patients.
The impact of their proposed DTL model on the diagnosis of COVID-19 disease. As a result of
their experiments to evaluate its performance, they found that DTL-based COVID19 classification

outperforms competitive approaches [81].

Eduardo Luza and colleagues extended their work by using the EfficientNet architecture for the
diagnosis of COVID-19 disease from chest X-rays. They made classifications in datasets
consisting of 13569 chest X-rays. As a result of their studies, they obtained 93.9% overall
accuracy, 96.8% and 100% positive predictions [82].

Resul Tiimer et al. aimed to diagnose COVID-19 disease in multi-class datasets consisting of
different lung tomographies with artificial intelligence and machine learning techniques. They
used convolutional neural networks and deep neural networks and k-nearest neighbor methods,

which are machine learning algorithms, for the diagnosis of the disease [83].

2.2 MACHINE LEARNING

Considering the age we live in, it is seen that the use of technology in many fields such as health,
education, finance, security and transportation has become quite common in almost every country.
The widespread use of technology has resulted in an increase in the amount of data produced by
real and legal persons. At the same time, with the development of technology, storing and
accessing data has become both easier and less costly compared to the past. Depending on these,
data has started to be considered as valuable as finance in our world. So much so that the new

generation banks and intermediary institutions, most of which provide services in the electronic
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environment, have started to carry out transactions such as fund transfer and stock purchase
without commission fees. The reason for making the mentioned transactions free of charge is to
expand the customer base because of the desire to have a large amount of data. Because, in case
of having more data, it is possible to make strategic decisions and make forward-looking
predictions. For example, the United States It is even possible to predict the election results in the

country from the stocks, which are heavily demanded by investors in the United States [101].

In such a case, the data related to the customer and the customer's transactions, which enable the
said estimation to be made, are more valuable than the fees such as commissions to be received
from the customer. However, it should be noted right away that due to the increase in the amount
of data as mentioned above, making the aforementioned estimations over the data is not in a
position where people can do it alone. Essentially, making predictions on huge data requires a
great deal of experience, expertise in the relevant field, and foresight ability. It is possible to say
that this process will not be very effective when considering the time it takes to analyze huge data
and make predictions by people, even if it is assumed that they have these qualifications, ignoring
the fact that not every person can have this experience, expertise and ability. At this point, machine
learning, which is based on the philosophy of learning from data and used in many fields, comes
to the fore in analyzing data.

When the machines used in the early stages of industrialization and the following periods are
compared with the machines used today, it is understood that the introduction of computers into
our lives carries the concept of machine to a very different dimension. So much so that today,
when the machine is mentioned, many hardware such as computers, telephones, air conditioners,
cars and televisions, which contain software, come to mind. The point that needs to be emphasized
in the context of machine learning is that the learning ability of the mentioned hardware is gained
by computer software. In the software in question, instead of explicitly programming the hardware
to do a task, the approach of developing programs that can learn to do the task is used. In other
words, in traditional programming, every step necessary for the fulfillment of a task is coded by
the programmers, while in machine learning, algorithms learn to solve the same task themselves
by training on data. Similarly, machine learning by Blum; has the ability to learn rules from data,
can update itself within the scope of changes, and improve its performance with the experience

gained.
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Considering the age we live in, it is seen that the use of technology in many fields such as health,
education, finance, security and transportation has become quite common in almost every country.
The widespread use of technology has resulted in an increase in the amount of data produced by
real and legal persons. At the same time, with the development of technology, storing and
accessing data has become both easier and less costly compared to the past. Depending on these,
data has started to be considered as valuable as finance in our world. So much so that the new
generation banks and intermediary institutions, most of which provide services in the electronic
environment, have started to carry out transactions such as fund transfer and stock purchase
without commission fees. The reason for making the mentioned transactions free of charge is to
expand the customer base because of the desire to have a large amount of data. Because, in case
of having more data, it is possible to make strategic decisions and make forward-looking

predictions. For example, the United States

It was stated that he was interested in designing software (Blum, 2021). Therefore, a self-learning
of software using data in machine learning is to be realized. In this context, in the field of machine

learning, in summary;

i.  Understanding computerized systems when it comes to learning machine and the fact that

the element that enables learning in systems is computer software,

ii. In the definitions made, the subjects of learning with experience and increasing
performance Emphasizing that the increase in performance with experience is accepted as

learning to be made,
iii.  Datasets in which the experience can be essentially the learning event to be,

iv.  The learning, the information in the data set that will be useful according to the purpose of
the work detection and self-adaptation of the software to the changes that occur that it can

provide,
v. Inorder to test what level of learning has taken place, some using the criteria

vi.  Parameters in the models created to improve the learning level making adjustment,
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It is possible to count these issues as the important points of the subject Machine learning is
basically supervised learning, unsupervised learning and It is divided into three categories as
reinforcement learning. supervised learning, developed based on examples consisting of both input
and output parameters. The model is the matching of new inputs with outputs. First to specify data
representing these examples in machine learning should be consists of attributes similar to columns
in the file. Attribute measurable is a feature and the type of attack in an application, such as the
prediction of terrorist events, may include qualitative characteristics such as the type of weapon
used in the attack, the type of target of the attack, In this case, the output variable may be the
terrorist group that carried out the action. Therefore, In supervised learning, the attributes in the
examples used in the development of the model It is analyzed and the relationship between these
attributes and the output variable with a label, that is, a specific class, is tried to be understood.
This process produces a function that can be used to predict outputs from samples that the model
has not seen before. Then, using this function, estimations are made using the test data, which is
not used in the development of the model but whose output values are known, and the obtained
results are compared with the actual results. This comparison is made using loss functions, which
measure how much the estimates deviate from the true values. As a result, if the predictions are
found to be sufficiently accurate, it is interpreted that the algorithm generalizes. Unlike supervised
learning, there is no labeled output of the training data to be used in creating the model in
unsupervised learning. That is, in this method, there is only input data and the main purpose is to
create data patterns is understanding. This method is mostly used in applications related to data
clustering and detection of anomalies in the data set. In reinforcement learning, instead of directly
programming the agents on which the software is installed to perform a task, the software in
question learns by interacting with their environment. This learning process takes place by winning
a reward or defeating a penalty depending on the action taken in the face of the situation and is

basically based on the trial and error method [102].

Before evaluating the possible effects of machine learning explained above on forensic
applications, it would be correct to talk about the general working mechanism of the forensic field.
In this direction, just as the advancement of technology has contributed to the development of

fields such as data science and machine learning, it also
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It has also caused crime and criminal elements to become widespread in the electronic
environment. In other words, with the introduction of devices such as computers into our lives,
there are now crimes that take place in the electronic environment and leave traces in this
environment, and the mentioned computer-like devices appear as both an element and a tool of the
crime. At this point, forensic computing; focuses on proving the data in electronic devices with
data storage capability such as computers, mobile phones and external disks by using methods
accepted by legal authorities. Even if there is an accepted process for the work to be done for this
purpose, there are differences in practice depending on the situation possible to see. However, the

generally accepted forensic information process.

consists of stages. Therefore, it is aimed to obtain data related to the event studied by applying the
processes specified in the mentioned stages in forensic informatics and to clarify the relevant event
as a result, and at this point, the application area of machine learning methods in forensic

informatics emerges.

In this direction, machine learning has a wide variety of applications related to forensic cases. In
the most basic sense, machine learning algorithms; It can be used for purposes such as analyzing
big data on crimes, revealing criminal behaviors, and detecting criminal structures. Because the
use of machine learning algorithms for crime detection provides researchers with the opportunity
to query data from many different sources such as social networks, wired networks and cloud
environments and to analyze this data even if it reaches very large sizes. This essentially refers to
the analysis of large amounts of data with machine learning algorithms in order to predict certain
behaviors such as criminal intent and activity of certain elements such as criminals and terrorist

groups.

For example, learning from past events can be performed in order to predict future criminal
behavior in areas such as theft, money laundering and cyber attacks. In addition, it is possible to

conduct remote data analysis through the software used in forensic events.

One of the most important advantages of machine learning for the people investigating the events
is that the data related to the crime can be brought into a format that can be understood and easily
interpreted. The important point here is essentially to obtain the data on which the researchers will

work and to the fact that qualified data regarding the events is kept in the relevant institutions.
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The possibilities that machine learning can provide in the field of forensic investigations
mentioned above, profiling and estimation activities, predicting when and where crimes may
occur, or predicting who the perpetrators may be in a crime that has occurred, similar opportunities
to combat terrorism related to medicine, finance and forensic events. as well as for many fields.
So much so that recently, machine learning algorithms are frequently used by relevant institutions
to examine different factors of terrorism. In this thesis, machine learning models, the details of
which are given in Chapter 3, were created on the data set related to terrorism in order to shed light
on the work and future applications in the field in question.

2.2.1 Classification

In Section 2.2, it was stated that the category of machine learning where both inputs and outputs
are together in the data set is supervised learning. In this section, after the general information
about classification is mentioned, basic information about the classification algorithms belonging
to the supervised learning category and generally used in the thesis study is given. Classification,
which aims to assign data to one of the predetermined classes, has also previously been widely

used in fields such as terrorism, intelligence, and homeland security.

It is one of the main areas of machine learning. In models created with classification algorithms,
it is aimed to place a piece of data that actually belongs to a class but whose class is unknown by
the model at the beginning, to one of the known groups. In order to fulfill this purpose, the samples
in the training data set, which was used as the basis for the creation of the model, and whose labels
are known, are used. Therefore, both input parameters and output values are known at the stage of

creating the model in classification.

Various approaches are used to classify data sets, and it is possible to evaluate classification
algorithms as probability-based and non-probability-based. Probability-based classifiers show the
probability of any sample belonging to a certain class, while non-probability-based, that is, discrete
classifiers, show the predicted class of the sample in question. In addition, the aforementioned
classifiers can be considered as binary or multiple classifiers. Here, binary classification refers to
the separation of data in a certain data set into two groups with the specified classification rule,
while multi-classifiers refers to the separation of more than two groups.
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i.  Naive Bayes Classifier

The Naive Bayes algorithm is widely used because it is easy to implement and understand and is
useful for large data sets, and it is a method in which classification is performed with the
conditional probability approach. In this algorithm, which assumes that the existence of an attribute
in a certain class is not related to the existence of any other attribute and is based on Bayestheorem,
the probability calculation is made about which class a new data belongs to, by using the existing
and already classified data. During this process, as in other classification processes, the learning
process is carried out on the training data set. It is known that the Naive Bayes algorithm, in
addition to being simple to apply, can even outperform sophisticated classification methods in
some cases. The operation of the algorithm starts with the conversion of the data set to the
frequency table. Then the probability table is created by calculating the probabilities. Finally, the
formula given in figure 2.1 below is applied to calculate the posterior probability of each class.

The estimation of which class the sample belongs to is made as the class with the highest posterior

probability.P(A/B) = M (2.1)

P (B)

It will be easier to understand if the mentioned operation is shown through an example.
Accordingly, if the frequency table created from the training data set is assumed to be as in table
2.1 in terms of estimating which organization committed the terrorist act according to the type of

weapon used, the probability table to be created using this frequency table will be as in table 2.1.

Naive bayes classifier
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Figure 2.1: Naive bayes [84]
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ii.  Logistic Regression

The logistic regression algorithm, although there is a regression expression in its name, is an
algorithm used in both classification and regression. With this algorithm, it is tried to estimate the
classes of the samples, that is, the dependent variable, with the attributes that are the input
parameters, that is, the independent variables. In other words, it is aimed to find the relationship
between dependent variables and independent variables that should be categorical in the logistic
regression algorithm and to model it in the best way. In addition, the algorithm in question, the
dependent variable to be estimated; It is called binary regression if it has two categories, ordinal
logistic regression if it has more than two categories with a row between them, and multi-category
logistic regression if it has more than two categories with no rows between them. As stated above,
in the logistic regression used to understand the relationship between the probability of occurrence
of the dependent variable and the features, the output value between 0 and 1 is obtained by using
the sigmoid function, whose formula is given in Figure 2.2 below. The classification process is
completed according to the output value in question and the threshold value determined. For
example, if the output value obtained by using the attributes in the sample for a class is found to
be 0.80, which indicates that the sample in question belongs to the tested class with 80%
probability, and if the threshold value is determined as 0.5 at the same time, the relevant sample is

included in this class. will be.

One of the issues to be considered regarding the logistic regression algorithm is that the input
parameters, which are called independent variables, should also be independent from each other,
that is, there should not be a high level of correlation between them. Otherwise, if the features can
be written as functions of each other, collinearity will occur. In addition, this algorithm does not
require scaling of features. However, the logistic regression algorithm does not perform very well

when there are too many features or when there are too many categorical variables in the features.
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Figure 2.2: Logistic regression [85]

iii.  K-Nearest Neighbors (KNN)

KNN is a simple and easy-to-control machine learning algorithm that can solve classification and
regression problems. The ANN algorithm assumes that these objects are in the immediate vicinity.
In other words, they are close [39]. Look at the picture above. In most cases, similar data points
are related. It is based on the assumption that the ANN algorithm is valid enough to make the
algorithm useful. The ANN diagram reflects the concept of similarity (also called Proximity
Proximity) in some calculations that can be learned as a child in calculating the distance between
points. The mathematical model presented in Eq (2.2)

The K-nearest neighbor algorithm is widely used for classification and is an algorithm based on
distance calculation. The algorithm in question performs the classification process with the lazy
learning method. Namely, in the implementation of the algorithm, all training data is stored and
the model is not created until a new sample needs to be classified. of a new sample when it is
necessary to classify and predict, unlike other algorithms, instead of using the parameters
determined by preprocessing, the classification process is completed by using the training data set

each time. Thus, the training dataset

No probability assumptions are made regarding the distribution. Therefore, the k-nearest neighbor
algorithm is a non-parametric algorithm. In order to use the algorithm, first of all, a training data

set is created from the examples with certain class values and the distance function to be used with
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the k parameter is determined required. Then, the distance of the sample to be classified to the data
in the training set is calculated using the distance function determined for the classification of any
sample using the k-nearest neighbor algorithm. The k samples determined after the calculation are
selected from the training set. This new selected dataset is called the classification dataset. Finally,
the classification process is completed by assigning the class of the sample, which is tried to be

estimated to belong to which class, as the most common class in the classification data set.

1 k¢
Ry (CBaves) {Bl o+ B (E) }{1 +0(1)} (2.2)

The distance criteria used in the implementation of the k-nearest neighbor algorithm may vary
depending on the features in the data set to have categorical, numerical and binary values or consist
of all of them. Euclidean and Manhattan criteria are the most frequently used criteria in the
aforementioned algorithm. Choosing the above-mentioned k-value is a problematic issue as well
as being very important to obtain a high level of accuracy. In the literature, it is recommended to
cross-validate this process, that is, to try different k values for the same data set. The importance
of choosing the K value is illustrated in figure 2.3 below. In fact, it is seen that the result differs if
the k value is selected as 1, 5 or 10 for the classification of a new shape as a circle or a square
circle. Also, in the k-nearest neighbor algorithm, which is very simple to understand, there may be
more computation time since all the computation for making the prediction is done during testing
rather than training. In addition, if there is an imbalance between the classes, for example, if a class
is more in the training set compared to the other classes, it may be necessary to apply the

normalization process in order not to have a tendency for this class.
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Figure 2.3: KNN [86]

Decision Tree

Decision trees consist of roots, nodes and leaves, similar to the tree structure used in data

structures. The purpose of the decision tree algorithm in this structure is to develop a model that

can predict the value of the target variable by learning the decision rules extracted from the

features. For this purpose, dependent and independent variables are represented in a tree-like

structure in which a set of test questions and conditions are arranged. In the tree structure in

question, the leaf nodes will include the class labels to which the samples to be tested will be

included, the non-leaf nodes, that is, the decision nodes, including the node located at the top of
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the tree and called the root node, the test process applied on the attributes, and the aspects to be
acted upon as a result of the test process, each branch specifies the result of the test operation,
namely the class labels. In the decision tree algorithms, which include the attribute test conditions
to separate nodes with different attribute values, the inputs are entered starting from the root node
and the attribute values of the tested sample are asked questions determined in the tree structure,
and the appropriate branches are followed in line with the answers received. This process is
continued until the leaf node is reached, and when the leaf node is reached, the tested sample is
assigned to the class label represented at the node in question and the classification process is
terminated. Decision in progress as specified Since trees can be easily visualized, the decisions
taken can be monitored and understood effectively. For this reason, decision tree algorithms are
widely used in classification problems is used. Decision tree algorithm, discrete and non-discrete
can use data. However, it is observed that the classification error increases if the training data set
is small compared to the number of classes in the data set, that is, if there are too many leaf nodes
compared to the branches. Also, the algorithm in question is prone to the problem of over-learning
by rote learning. In order to prevent memorization and to prevent decision trees from being too
complex, pruning can be done, and in this process, leaves are simply replaced with the lower
branch. One of the most important aspects of decision tree algorithms is deciding how to build the
tree. At this point, there are various approaches to obtain a flexible and highly accurate decision
tree, and these approaches generally involve a gradual observation of the tree. In the
implementation of these approaches, the ID3 algorithm comes to the fore with entropy and
information gain. In general, the ID3 algorithm uses the technique of determining the closest state
to the result by moving down from the root. Entropy focuses on the possibility of unexpected

situations and the training set

It takes O if it is homogeneous, and 1 if the values in the training set are equal to each other. The
small entropy value calculated for any feature indicates that the said feature is an important feature
for the ID3 algorithm. On the other hand, information gain means the opposite of entropy. During
the creation of decision trees, the features with the highest information gain value can be selected.
In addition, it is possible to have information about the importance degree of the features with the

decision tree algorithms that act with the logic of induction.
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Figure 2.4: DT [87]
v. Random Forest Algorithm

In section 2.2.4 above, it was stated that one of the biggest problems with the decision tree
algorithm is memorization by the algorithm in question. In the random forest algorithm, which can
simply be expressed as a collection of decision trees, it is aimed to prevent the over-learning
problem mentioned. For this purpose, a large number of decision trees are created by randomly
selecting subgroups from both the data set and the features. These decision trees created are
combined in a structure called forest. In other words, while randomly selected features are used in
the creation of the aforementioned decision trees, sub-datasets obtained by substituting the original
dataset are used in their training. Therefore, in the random forest algorithm, as in the decision tree,
instead of obtaining a single tree by branching the nodes by using the best branch among all the

features, instead of obtaining a random tree.

It is possible to create a desired number of trees by dividing the nodes into branches by choosing
among the selected attributes. In these trees in the forest, which consists of different trees, pruning
is not performed as in the decision tree algorithms, which contributes to the increase in the
accuracy of the algorithm. The reason why pruning is not done is that, as it can be understood from
the above-mentioned points, since learning is carried out on different subgroup training sets in this
algorithm, the over-learning problem is already reduced. On the other hand, the negative side of
this structure is that in addition to the increase in computational complexity, a single output that

can be interpreted for the trees created, as in decision trees, cannot be given. At the stage of
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estimating over the sample, each decision tree created makes an estimation independently, and the

class with the most estimation, that is, the majority of the vote, is determined as the class of the

sample. Another feature of the random forest algorithm, which is one of the ensemble methods

based on the philosophy that many weak estimators can come together to form a strong estimator,

is that it provides information about the importance of features, which is also discussed in the

section on feature selection of the thesis.

Vi.
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Figure 2.5: RF [87]

Support Vector Machines

Support vector machines in regression and classification operations in general, it aims to find the

best classification function that can be used to distinguish members of two classes. In other words,

the support vector machines minimize the classification error by choosing the line with the highest

margin, while using the features to separate the two classes, they maximize the classes.
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It tries to find a plane or hyperplane that can separate it properly. As an example, as it can be seen
in Figure 2.4 below, in order to apply the aforementioned algorithm for the two classes, first of all,
two parallel vectors that minimize the error are selected, and the distance between them is

maximized.

This method is generally used in cases where the data can be linearly separated, but it can also be
applied in cases where there are data that cannot be linearly separated, since it is possible to make
the data linearly separable by means of kernel functions such as sigmoid, polynomial, linear and
radial basis. That is, a larger size is carried out for nonlinear data sets using kernel functions. For
example, in figure 2.5 below, the mapping of data from 2-dimensional space to 3-dimensional
space is shown, and as can be seen from the figure in question, the data has become linearly

separable.

When we look at the above definition of vector machines and other explanatory expressions, it is
especially mentioned about the process of separating into two classes. However, this does not mean
that it is not possible to use support vector machines for applications with more than two classes.
Therefore, support vector machines can also be applied to problems with multiple classes. At this
point, it is possible to act with a one-versus-all approach for the separation of classes. Namely,
firstly, a class label is selected and this class is labeled as 1 and other classes as -1, that is, a
comparison of a class with all other classes is made. This process is applied separately for all
classes and a number of classifiers equal to the number of classes are obtained. In other words, as

many as the number of classes

The support vector machine is trained, and in the estimation phase, the output of each support
vector machine is compared and the safest result is preferred. Support vector machines can be
applied in a wide variety of fields because they can work with high generalization performance
without the need for a priori knowledge. However, it should be taken into account that support

vector machines are inefficient in terms of computational cost.
vii.  Atrtificial neural networks

Artificial neural networks, inspired by the human brain and known as universal function
estimators, can map both linear and nonlinear functions. In other words, artificial neural networks

are used to predict any function that represents the relationship between an x input and y output,
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provided that there are enough hidden layers between them. Therefore, it can be easily applied to

classification problems.

Artificial neural networks consist of computational units inspired by biological neurons, called
artificial neurons, and the connections between these neurons. Each neuron in the network takes
several input values to produce an output value. In artificial neural networks, each input of neurons,
namely connections, has coefficients called weights. These coefficients show how the inputs
together with the bias value affect the output. Thus, the formula used to obtain the output from the
inputs is given in figure 2.6 below, where x represents the inputs, w represents the weights of the
inputs, and b represents the bias value. In the mentioned formula, the weighted sums of the inputs
are calculated by using the bias value and the weights. Since the bias value is independent of the
inputs, it is a parameter used for the translation of the line represented by the formula, and its

number in an artificial neural network is equal to the number of neurons [117].

After calculating the weighted sum with the above formula, a nonlinear activation function o is
used to calculate the neuron’s output. This activation function makes the weighted sum non-linear.
The nonlinearity of the activation function is very important in terms of learning the nonlinear

complex tasks of the network. artificial nerve

activation functions that are generally used in networks; sigmoid, hyperbolic tangent (tanh) and
Rectified Linear Unit (ReLU) functions. The graph of the sigmoid function, which is the most
widely used of these functions, is given in figure 2.6 below, and as can be seen from the figure,
this function converts the inputs it receives into a real number in the range of 0 and 1. Therefore,
it can be easily used in artificial neural networks that only need to give positive results, such as
probability calculation. Although the hyperbolic tangent function is similar to the sigmoid
function, the outputs of this function are between -1 and 1. The RELU function assigns the input

value for positive inputs and 0 for negative inputs to the output.

Figure 2.8 below shows a simple neural network model with input and output layers and a hidden
layer. There is no restriction to have a single hidden layer in artificial neural networks, and it is
possible to increase the number of hidden layers depending on the designed architecture. In this
case, it should be taken into account that as the number of layers increases, the complexity of the

artificial neural networks will increase and the training time will increase.
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In the training process of artificial neural networks, the weights of the neurons are adjusted. In
other words, it is tried to find the weight values that will give the closest result to the real outputs
by using sample data in the training process. It is important that the function, which is obtained as
a result of the training process and can define the y = f (x) relationship between the inputs and the
output, can be generalized to the data not included in the training data set. Accordingly, the ability
of an artificial neural network to predict the correct output for a given input needs to be measured
effectively, and this is done with functions called loss functions. The loss function, in its simplest
terms, calculates the difference between the actual output and the output predicted by the network.
When we look at the commonly used loss functions, it is seen that the mean square error function,
which calculates the square of the difference between an actual and estimated value, comes to the
fore. In this context, it can be said that the purpose of training a neural network is to minimize the
value of the selected loss function by adjusting the weight and bias values of the neurons. The
basis of the training process is mostly back propagation algorithm. A training process in which
back propagation algorithm is used starts by assigning the weights to a random value. Afterwards,
the process of moving forward and backward in the network is repeated until the value of the loss
function is minimized. In the forward movement phase, the output value of the network and the
value of the loss function are calculated. In the step backwards, how should the weights be used to

reduce the value of the loss function.

There is a gradient descent algorithm that needs to be adjusted. In line with this process, the
weights are updated in small amounts within the framework of the learning rate parameter of the
artificial neural network. In the gradient descent algorithm used to determine how to update the
weights to reduce the value of the loss function, the gradient is defined as the change in the value
of the loss function when a weight parameter is updated. The algorithm in question calculates the
gradient of each network parameter using the chain rule and uses the gradient direction to decide
how to reduce the value of the loss function. However, it should be noted that for large data sets,
calculating the gradient of each sample will be time consuming. For this reason, stochastic gradient
descent algorithm can also be used to speed up the process. In this algorithm, the input set is
divided into heaps and the gradient calculation is made for the heaps. Stochastic gradient descent
algorithm, together with variants such as Adam, Adagrad, RMSprop, are widely used algorithms
for training [118]. The training process for reducing the value of the loss function, whose steps are

explained above, continues until the value of the relevant loss function can no longer be reduced,
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and when this point is reached, the training process is completed. Thus, the created artificial neural

network becomes available for new samples.
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Figure 2.6: RF [88]
2.2.2 Feature Selection

Machine learning algorithms are capable of learning from data without the direct intervention of
the user. Therefore, the performance of these algorithms is highly dependent on the data set used.
Considering that the information is represented using features in the data set, it is necessary to
determine the correct features for the purpose Machine learning algorithms are capable of learning
from data without the direct intervention of the user. Therefore, the performance of these
algorithms is highly dependent on the data set used. Considering that the information is represented
using features in the data set, it is important to determine the right features suitable for the purpose.
At this point, in the simplest sense, the data set It is necessary to focus on feature selection, which
allows to decide on the features that may have an impact on the classification result and to
eliminate other features. It is aimed to reduce the size of the data set, to minimize the working time
of the algorithms, to prevent the algorithms from memorizing and to increase the accuracy rates as
a result of removing irrelevant features from the data set depending on the variable that is planned
to be estimated or classified by feature selection. After feature selection, in addition to achieving

the mentioned objectives, especially in complex data sets, the management of the data set becomes
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easier, the relationships between the features can be easily defined and the intelligibility of the
models increases. There are various algorithms and methods for feature selection, which are

mentioned below [119].

The methods used in feature selection; filter methods, wrapper methods and embedded methods
can be divided into 3 main groups . In the filter method, the importance of the features is calculated
by considering the connection between the target variable and the features, and the features are
filtered by considering this importance. As a result, a new feature group is obtained as a result of
the filtering process. While the positive side of this method is that it can operate independently of
the classification algorithms, it is often encountered that it is less successful when compared to
other methods. In the wrapper method, sub-attribute groups are determined and classification is
performed with the algorithm to be used. The sub-feature selection and classification process
continues until the highest accuracy rate is obtained, and the features with the highest accuracy
rate are decided on. In this method, easy application and high success rate stand out as positive
sides, while the high transaction cost constitutes the negative side of the method in question. In the
embedded method, the feature selection process is carried out by using the features provided by
some machine learning algorithms such as random forest during the model creation phase. In this
method, the low transaction cost and high success rate are the positive sides.

On the other hand, it is possible to apply different approaches in addition to the methods described,
taking into account the purpose of the study and the available data set. In this thesis, features were
examined with an approach in which permutation and column removal methods and random forest
algorithm were used together. For this reason, information on these matters is briefly mentioned
below. First of all, it should be noted that it is very important to develop a model that can accurately
predict the results of the classification process. However, this alone will not be enough because it
is also important that the developed model is interpretable. Therefore, choosing among the features
and examining the importance levels of the features for this purpose constitute an important part
of the studies in the field of machine learning. At this point, information about the importance
degrees of the features can be provided in applications related to the random forest algorithm.
Therefore, the permutation method or column removal method, which can be applied in many
models, and the analysis of the importance of the features can be easily applied with the random

forest algorithm. Essentially, information is provided on the assumed severity levels in the random
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forest algorithm. However, it is known that there is a tendency to inflate the importance levels of
continuous variables or categorical variables with a high number of elements during the calculation
of the importance of the features by the algorithm in question. are available. For this reason, it
would be appropriate to use the techniques such as permutation and column removal mentioned
above, instead of selecting features by considering the assumed importance levels of the random

forest algorithm.

In order to calculate the importance of an attribute with the permutation method, a baseline
accuracy rate is obtained by first passing the OOB samples provided by algorithms such as a
validation set or random forest through the random forest algorithm. Then, by changing the values
of a single attribute, a new accuracy rate is calculated in the same way. The importance of the
mentioned feature is found as the difference between the basic accuracy rate and the accuracy rate
obtained by replacing the feature values. In the last step, a selection can be made by looking at the
relative importance of the features. In the permutation method, the model does not need to be
retrained, only the feature values are replaced and new accuracy rates are calculated with the
previously trained model. However, this method is still computationally more costly than the
default method of the random forest algorithm. However, the accuracy of the results of the
permutation method is higher than the default method. Although the mentioned method can be
used with any machine learning algorithm, the random forest algorithm is preferred because it
provides OOB samples and therefore eliminates the need to create validation sets. In general, the
permutation method used to measure the effect of mixing the attribute values on the model
accuracy does not require retraining of the determined model, which is a significant gain when the
cost of training the model is taken into account, but also causes a potential bias towards the features
that have a correlation with each other. At this point, if the computational cost of retraining the
model is ignored, it is possible to obtain the most accurate feature importances with the column
removal method. In the column removal method, the basic starting point is similar to the
permutation method, and in this method, a basic performance value is obtained first. However, a
column, or attribute, is then completely removed from the dataset and a new performance value is
calculated with the retrained model. The degree of importance of the feature extracted from the
data set is found as the difference between the newly obtained performance value and the basic
performance value. Therefore, in this model, the focus is on how much an attribute has an impact

on the performance of the model in general. Column removal method gives more accurate results
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compared to permutation method, but is more costly. The said cost can be reduced to some extent

by using subsets obtained from this training dataset instead of the entire training dataset.

While the column removal method can be used with any algorithm similar to the permutation
method, it is mostly used with the random forest algorithm because there is no need for an
additional validation data set in the random forest algorithm and the OOB score provided by the
algorithm can be used directly for performance measurement. On the other hand, each attribute is
handled separately in both the permutation method and the column removal method. This should
not be a problem if each attribute is independent of each other and there is no correlation between
them. However, these methods may yield unexpected results if there are features in the data set
with correlations between them. For example, considering the column removal method, the
importance of the attribute in question will appear to be quite low, since removing an attribute that
is correlated with another attribute will not make a huge change in the baseline performance.
Therefore, attributes that are correlated with each other will appear to share importance, and even
if they are important, they will appear to be insignificant. In this context, when using both the
permutation method and the column removal method, the features that contain correlation should
be examined and it is important to determine the features that are very similar in order of
importance, even if they differ in value in both methods.

i.  Independent Component Analysis (ICA)

Independent Component Analysis (ICA) is a statistical and computational technique used to
identify hidden elements at the root of a measure or set of signals of random variables. The CIA is
defining a model for generating multidimensional observable data. It is usually presented as a large
sample database. The model assumes that data variables are a linear mixture of unknown and latent
variables and that the mixed system is also unknown. Hidden variables are considered independent,
not external variables and as independent components of the observed data. The CIA can find these
independent components, also called sources or factors. At first glance, the ICA is involved in the
analysis of fundamental components and factors. However, ICA is a much more powerful method
and can be used to find the underlying factor or source when these traditional methods completely
fail. The data analyzed by the ICA can be obtained from a variety of applications, including digital
imagery, documentation databases, economic indicators, and psychometrics. In many cases,

measurements are provided as a series of parallel signals or time series. The term blind source
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propagation is used to describe this problem. Typical examples are simultaneous voice signals
recorded by multiple microphones, brain waves recorded by multiple sensors, radio interference
signals from cell phones, or parallel time series in industrial processes. The mathmarical model
presented in Eq (3.3)

M N
L(W) = %Z In(1 — tanh(w7x,)2) + In/ detw / (4.3)
t

i

ii. PCA

In the case of using high-dimensional data sets with a large number of features during the creation
of the models, the number of samples in the data set should also be large in order to discover
sufficient permutations regarding the input variables. In order to combat this problem, size
reduction techniques that aim for simplicity versus some accuracy rate and the subject of
examining the features that are correlated with each other, which is their focus, comes to the fore.
Feature extraction, which is one of the dimensionality reduction techniques, provides a new feature
space with a smaller size than a high dimensional feature space. By applying dimension reduction
techniques such as feature extraction, it is possible to improve the performance of algorithms,
reduce computational complexity, reduce the memory required for models, generalize the models
more easily, and make them more reliable. Because, as stated, the new feature space created as a
result of reducing the size of the data set contains the most relevant features. In addition, it is
possible to visualize data sets with lower dimensions and analyze them faster by machine learning
algorithms. In this thesis, Principal Component Analysis (PCA), which is one of the frequently
used size reduction methods, was preferred, and the information about this method is mentioned

below.

With the PCA method, it is aimed to find a lower-dimensional representation of the data set by
preserving the information in the original data set as much as possible. For this purpose, PCA
collectively explains and summarizes the variance represented by the large number of related
variables in the original data set with a smaller number of representative variables called principal

components. The amount of information in PCA expresses the variance rate explained for each
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principal component, and the variance rate in question takes a value between 0 and 1. The first
step in the application of the PCA method is to standardize the continuous variables in order to
avoid biasing the dominant variables. As the second step, the covariance matrix is calculated, and
it is aimed to understand whether there is unnecessary information representation in the data set
by examining whether there is a correlation between this step and the features in the original data
set. In the next step, the eigenvalues and eigenvectors of the covariance matrix are calculated to
determine the principal components. These principal components are new variables created as
linear combinations or mixtures of initial variables. There is no correlation between these principal
components, and most of the information in the original dataset is compressed into the first
principal component. If the said situation is to be stated geometrically, the principal components
represent the aspects of the data that explain the maximum amount of variance, that is, the lines
that capture the information of most of the data. Therefore, since the PCA method involves
discarding variables with low information, size reduction can be done without much information
loss. While the eigenvectors of the covariance matrix give the directions of the axes containing the
most variance, that is, the principal components described above, the eigenvalues give the amount
of variance carried in each principal component. Principal components can be obtained in order of
importance by ordering the eigenvectors from the largest to the smallest according to their
eigenvalues. In this context, finally, eigenvectors are selected depending on the desired size

reduction amount.

One of the most important issues in the PCA method, the application steps of which are given
above, is to decide on the number of fundamental components, that is, sufficient subspace. Because
while the feature size is reduced, the information in the original data set should not be lost too
much. In order to understand whether this requirement is fulfilled or how much information is lost,
first the variance in each principal component is observed according to the variance in the original
feature space, and then the variance in the original feature space is compared with the variance in
the new subspace. Currently, there is no accepted method for determining the number of principal
components to be used in the PCA method. However, one of the commonly used methods in this
regard is the Elbow method. The method in question is mainly used to decide the appropriate
number of clusters in unsupervised clustering algorithms, but it can also be used to determine the
number of principal components to be found in the PCA method. In the Elbow method, the point

where the variance ratio starts to decrease is determined in general. In order to make the said
38



determination, a scree chart is created in which the variance is a function of the number of principal
components, and the point where the rate of change starts to decrease, that is, the elbow point, is
observed. Therefore, the basic logic of the EIbow method is based on finding the elbow point by
examining the graph in question. It is possible to observe the effect of each principal component
from the aforementioned scree plot, and the first principal component contains the highest amount
of variance. That is, this principal component causes more variability than any principal

component.

39



3. MATERIAL AND METHODS

3.1 MACHINE LEARNING

machine learning; It is the general name of algorithms that allow a particular problem to be
modeled with data specific to that problem. The model, which is designed with the data set and
the appropriate algorithm, is designed to have the highest performance. [10] The purpose of
machine learning is to create a model that is trained with certain inputs and to make predictions
for new values by learning from data such as machine learning and human-specific competencies
such as analyzing and making inferences. It focuses on teaching an algorithm to progressively
improve on a given set of tasks. In a nutshell, machine learning designs a model of how a process
works and applies the model to practically create applications that offer iterative development.
When a new sample arrives, it processes the information from the past data and determines which
path it will follow, and continues its development for each new sample. Machine learning basically
functions as learning and self-improvement. Machine learning is a sub-branch of artificial
intelligence studies. While all machine learning problems are analyzed as an artificial intelligence
problem, not all artificial intelligence problems can be considered as machine learning problems.
Machine learning is an applied form of artificial intelligence. It is aimed to learn like humans by
enabling the machine to develop the ability to make decisions on its own by methods such as data
collection, storage, parsing, and data analysis. All available data must be analyzed to reveal
predictable patterns or meaningful data. After that, using statistical analysis, a model is created to
make predictions against new data with the ability to make inferences based on historical data [8].
Success and error rates are determined by testing the created model with various metrics, and it is
aimed to reduce the error rate and increase the success rate by improving the learning process with
each new data [103].

3.1.1 Machine Learning Basic Concepts

In machine learning, certain algorithms are used and methods are followed to create a self-learning
dynamic model. The basic terminology that should be known while applying these algorithms and

methods is given below.
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summarized: Samples: Each piece of data used for machine learning and evaluation is expressed
as a sample or observation. Features: Data that represent an observation. In a rental house price
estimation problem, there may be features such as the location of the house, the number of rooms,
and its age, while in a spam e-mail classification problem, there may be features such as words in
the e-mail content and e-mail length. Labels: Categories in observation in a classification problem.
Not spam/spam in the email example, or cat/dog/bird etc in the problem of recognizing animal
pictures. Classes are examples. Training data: It is the data set consisting of analyzed and pre-
prepared samples used for training the machine learning model to be created.

Test data: Success of machine learning model trained with training data It is the test data to be
tested in order to increase the rate of error and reduce the error rate. Overfitting: It is the situation
where the created model starts to memorize on the data set. If the training set is created uniformly
and the label weights are not correctly distributed, the probability of over-learning of the model
will increase. If high scores are obtained in the training set and low scores are obtained in the test
data set, it means that the model has memaorized the values in the training set. This usually happens
when there are too many variables in the model relative to the number of observations.
Underfitting: It is the opposite of excessive learning. If learning is insufficient in a model, it means
that the model does not progress in accordance with the training data and cannot generalize the
new data. Models with incomplete learning problems have a high error rate in both training and

test data sets.

Machine learning is progressing in a certain workflow. In this workflow, data collection comes
first. The more examples for the model to be created in machine learning, the higher the success
rate. It is therefore important to collect as many samples as possible from different sources. The
collected data will go through the preparation process in the second step, which is to create
meaningful data very important to your name. The data collected from different sources completes
the preliminary preparation process by going through steps such as sorting, normalizing, filling in
the missing data with various methods in order to serve the same purpose and to make sense of the
algorithms to be used. The normalized clean data obtained in the next stage should be divided into
two as training and test data with various methods to be used in model training and testing. In some
studies, validation data is also needed for validation studies, depending on the type of problem. In

such cases, the data set is divided into three at certain rates and training, validation and test data
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sets are obtained. The split data is primarily used to train the model with the training data.
Afterwards, the model is tested with test and validation data sets and controlled with evaluation
metrics. By ensuring that the created model is used, it is ensured that the model is constantly

improved with new data collected over time.
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Figure 3.1: Machine learning procedures [104]
3.1.2 Types Of Learning

I.  Supervised Learning

Supervised learning is a type of machine learning in which a model is trained on labeled data. In
this type of learning, it is known what the data set is and what the desired output should be from
this data. In supervised learning, the data set consists of both inputs and outputs, and the purpose
is to provide the algorithm to create a model by giving outputs along with the inputs to the
algorithm. It is requested that the algorithm learns from the existing data and creates a function for
itself and makes predictions by subjecting the new data to this function. The algorithm that learns
patterns from all the features and outputs in the training data set and reveals a function starts to

make predictions and stops when it reaches an acceptable level of success. Supervised learning is
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a frequently used type of machine learning, and depending on the output of the problems, it is
grouped into regression and classification problems [9]. Classification is to determine which class
a data belongs to according to its properties is to be determined. In the classification algorithms,
patterns are obtained from the existing data and it is predicted in which class the new future data
will take place. The obtained data can be labeled and classification algorithms can be used in the
form of a data set that can be divided into categories. The most common classification algorithms
are; decision trees, Naive Bayes classification algorithm, k nearest neighbor ( K-NN) and an
example is support vector machines (SVN). Regression tries to determine the strength of the
relationship between a dependent variable and independent variables and uses a statistical analysis
that makes predictions based on this power is the measurement. Regression algorithms are used to
predict a continuous value. Input values are tried to be expressed with a continuous function. For
second-hand vehicle price estimation, the vehicle's make, model, km, year, etc. in the vehicle data
set. Obtaining a function according to its properties (inputs) and obtaining a price output as a result
of estimation is an example of regression. Linear regression, multiple linear regression, polynomial
linear regression, decision tree regression, Random Forest regression are examples of regression

algorithms.
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Figure 3.2: Classification [105]
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Figure 3.3: Regression [106]
ii.  Unsupervised Learning

In the unsupervised learning system, there is no labeled data in the training data, the system works
without a teacher. It is a type of machine learning that works to transform unlabeled raw data into
organized data. The goal in unsupervised learning is to collect a lot of information about the data
and model the distribution of this information on the data. Unsupervised learning algorithms are
useful when we do not know what we are looking for in the data. A few unsupervised learning
applications in our lives: Music/series/movie/video recommendation systems such as Spotify,
Netflix, YouTube, Facebook friend/group/page recommendation system, E-Commerce sites
product recommendation system. [9] Unsupervised learning systems can be grouped as clustering

and association:

Clustering is algorithms applied to make natural grouping among data. A grouping can be made
according to the distribution of the data, or by specifying a certain number of clusters, the algorithm
can be divided into the desired number of groups. K-clustering, hierarchical clustering and

probabilistic clustering are among the clustering types.

Association Rule is learning association rule between data such as people who buy product A tend
to buy product B as well. It is a type of unsupervised learning that is operated to increase sales,

especially in markets.
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Figure 3.4: Clustering [107]
iii.  Semi-Supervised Learning

Semi-supervised learning is a type of machine learning between supervised and unsupervised
learning. It can also be said that it is a form of supervised learning that enables the use of unlabeled
data in education. In this type of learning, the number of unlabeled data is usually much higher
than the labeled data. It has been observed that unlabeled data can significantly improve learning
accuracy when used with small amounts of labeled data [108]. Labeling data in a learning problem
often requires an expert or a physical experiment. Semi-supervised learning may be preferred when
the cost of a fully labeled dataset may be higher than a partially labeled dataset. Self-training is a
frequently used semi-supervised learning technique. The classifier used in this technique is first
trained on a small labeled data set. Then, classification is attempted on an unlabeled data set, and
the most secure labeled points are added to the training set with their predicted labels. These
processes are repeated and the model continues to be trained.

Iv.  Reinforcement Learning

Reinforced learning shows how a system that perceives its environment and can make decisions
on its own will learn to make the right decisions in order to realize its purpose . In reinforcement
learning, there is an instructor as in supervised learning, but it cannot give much detail. Instead of
giving details, when the learning system makes a decision, if that decision is the right one, it
rewards the system and guides the system by punishing a wrong decision. The purpose here is to
check whether the possible situations that the learning system tries are the target it wants to achieve
and to ensure that all tried true or false situations are remembered. Reinforced learning is often
used with fields such as robotics, game programming, factory automation. Q learning is one of the
most commonly used reinforcement learning algorithms. In a random environment, the system is

shown how it can learn the optimal policy. It is difficult for the system to learn the optimal policy
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directly because there is no training data available. The system's available training data are only
instant rewards. Using this training data, it is much easier to learn a numerical evaluation function
and then determine the most appropriate policy with the help of this function. The purpose of the
Q learning algorithm is to examine the next movements, see the reward according to the
movements that will take place, and act in a way that increases this reward. In the algorithm, in a
sense, the agent is expected to plan for the future. This algorithm's maze, search, etc. It is frequently

used in problems [109].
3.2 DEEP LEARNING

Deep learning is a machine learning version which uses many layers of nonlinear processing units
to extract and transform functions. Each subsequent level accepts the output of the previous level
as input [32]. Algorithms can be controlled (eg classification) or uncontrolled (eg analysis of
samples). Deep learning has a structure based on learning more than one level of function or data
representation. By referring to a view for an image; You can consider a vector of intensity values
per pixel or features like edge groups, custom shapes. Some of these properties better represent
the data. At this point, deep learning methods use efficient algorithms to extract hierarchical

functions that represent data better than manual functions. Figure 3.2.

Figure 3.5: Backpropagation [35].

46



Ivankhnenko's first "Neocognitron™ deep learning architecture was proposed by Fusui in 1979. An
inexpensive design was introduced, developed, developed and developed in an institution inspired
by the visual nervous system of vertebrates. Fucus nets contain several curved pool levels, modern
nets. The most important learning gap is the propagation of mistakes at different levels, deep levels,
deep levels. Although backpropagation algorithms have been introduced in recent years, the first
successful application for deep neural networks was by Yann LeCune et al. on items in a mailbox.
Although the network worked successfully, the application turned out to be insufficient as the
training took 3 times 3 times. After this work, lan LeCann reimplemented convolutional networks
and network backpropagation for handwritten digit classification (MNIST) using "Lenet" [37].
The advantages of ANN algorithms in this period - because of the computational burden. years.
expand | The computational speed has increased almost 1000 times over a 10-year period. During
this time, ANN began to compete again with support vector machines [38]. The term "deep
learning™ was first introduced in 2000 in relation to children and adolescents. In a 2006 paper by
Jeffrey Hinton, he showed how a direct-acting multilayer neural network can efficiently train one
layer (a layer with a Boltzmann machine layer) and also improve it using a controlled back
propagation method. As GPU speed increases, Ciresan et al. | Krishevsky, Suckever, and Hinton
developed similar ones in 2012. In their GPU-based work, a normalization technique called
"dropout™ 1 was used to reduce overfitting 1. ILSVRC 2012. One of the classes of machine
learning (artificial learning), deep is learning. Deep learning, machine learning; machine learning
can be expressed as a sub-branch of artificial intelligence. In this learning, many layers of nonlinear
processing units are used for feature extraction and transformation. one after the other, that is, each
The successive layer takes the output of the previous layer as input (Deng & Yu, 2014). Deep
learning, multiple features of data it is a construct based on learning the level or representation of
Lower a hierarchical representation is created by deriving the higher-level features from the
features found at the levels. of abstraction this representation learns multiple representation levels
corresponding to different levels. Itis a learning based learning. How much for the learning process
if there is data entry then much success is achieved. Multiple data passes through the layer. The
upper layers reveal more detail. are layers. Deep learning can be performed supervised, semi-
supervised or unsupervised. Image and natural language processing for weapons and security
systems carried out in ASELSAN's R&D center activities in the fields of deep learning can be

given as examples of deep learning studies in Turkey. In the OttOCR project, the Ottoman
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character identification system and the OpenZeka project image and video identification deep
learning APIs are available for Multilayer Perceptron (Multilayer Perceptrons), Convolutional
Neural Network (Convolutional Neural Networks), Recurrent Neural Networks There are three
main deep learning models. Deep learning is a type of ANN with many (2 or more) hidden layers
and a field of study of machine learning. By increasing the number of layers in ANN architectures,
the interpretation and extraction of nonlinear information has improved. Deep learning
architectures. The only difference from basic ANN architectures is that it contains more neurons
and layers. The most important features of deep learning architectures are that they can learn the
features in the data by themselves without the need of an expert, and they can make feature
extraction according to the related problem. Although ANN architectures were introduced in the
1950s, deep-layer ANNSs architectures could not be used for a certain period of time due to
limitations such as lack of sufficient data, insufficient computing power in computer systems,
vanishing gradient, overfitting problems. Today, many Ease of access to data, advanced computing
power with graphics processing units (Graphics Processing Unit; GPU) and developments in
hardware have enabled deep learning to be used in the field of artificial intelligence. Deep learning
architectures can be trained as supervised and unsupervised as in ANN architectures. In supervised
learning, labeled data it is possible to learn the weight values that minimize the error in the target
value estimation of the classification or regression problems. Labeled data is not used in
unsupervised learning. Unsupervised learning is generally used for clustering, feature extraction

and dimensionality reduction.
3.2.1 Deep Learning Techniques

3.2.1.1 Convolutional neural network

Convolutional Neural Networks (CNN) A type of multilayer perceptron (MLP). The cell in the
visual center is split to cover the entire image, with single cells with border elements and complex
cells with larger receptors that are supposed to focus the entire image. CNN's algorithm, a positive
neural network, is inspired by the visual center of the animal. Here, mathematical convolution can
be considered as the response of the neuron to a stimulus from the stimulus field. A CNN consists
of one or more convolutional layers, a downsampling layer. The best (latest) results have been
obtained, particularly in the field of image processing. In a study of the MNIST dataset, Chireshan

was able to use CNN to reduce the error rate to 2%. In another study, Ciresanetal [41]. In the

48



ImageNet Competition in 2014, all of the teams that received the best scores in object classification
and detection with millions of images and hundreds of object classes used modifications of CNN
algorithms. In a 2015 study, CNN demonstrated success in capturing faces in wide-angle ranges,
including reverse faces. This network is trained on a database containing 200,000 images
containing faces and another 20 million images without faces at various angles and orientations.
CNN algorithms have also been used in drug discovery. AtomNet, developed by Atomwise in
2015, was the first deep neural network developed for drug design. Trained with 3D
representations of chemical reactions, the system has been used to discover new biomolecules in
diseases such as Ebola and sclerosis. CNN was also used for the Go game, and a pre-trained 12-
layer CNN model defeated the GNU Go algorithm, which was developed with traditional methods,
in 97% of the games. CNN-based AlphaGo, developed by Google DeepMind, was the first
program that could beat a professional player (human). CNN is a general artificial neural network
(ANN) model that consists of an input and an output layer combined with multiple hidden layers.
The input data presented to the model is taken by a neuron and subjected to some functions in the
layers to reach the output data. Here, X represents the input data vector and Y represents the output
vector. W is the weight vector of the connection between neurons of two adjacent layers. The
weight vector is used to represent the strength of the link. Classification is also performed with
this weight vector. It is the most used model in classification processes due to its ability to classify
data in line with the contextual information obtained with the help of the CNN weighted vector.
The preferred ESA model is prepared with AlexNet architecture. AlexNet architecture consists of
successive convolution and pooling layers. Rectified Linear Unit (ReLu) activation function is
used as the activation function in the convolution layer. Regional weight vectors were obtained by
scanning the visual data presented to each convolution layer using a 3x3 filter. In this way, the
most important regions for classification are determined by weight vectors. The layer output data
obtained with the help of weight vectors in the convolution layer is processed in the next layer, the
pooling layer. With the help of a 2 x 2 filter, it stores the most important data as a result of the
interaction of the data in the filter with the weight vector. It is used to reduce computational
complexity because it hides important regions. In this process, the loss of some information is
inevitable, as the filter prepared to process the input data keeps the most important data in it. CNN

consist from several functions as shown below:
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Convolutional layers : The convolutional layer is the main building block of CNN, and this is
where most of the computation takes place. The input requires several components such as a filter
and a map. The filter is then applied to the region of the image and the dot product is calculated
between the input pixels and the filter. This scalar product is then passed to the output array. The
filter then moves one more step and repeats the process until the kernel has scanned the entire
image. The end result of a family of entry and filter points is known as a feature map, activation
map, or collapsed feature. It is the basic layer of convolutional neural network. The input image
presented to this layer is treated as a matrix. In the layer, the features of the image are obtained
using a filter. Generally, filters can be selected in 3 x 3 or 5 x 5 dimensions. As a result, it reveals
the feature map of the image. In this study, the convolution layer can be expressed as in Figure
3.3. Some neurons in successive layers in the convolutional layer are connected to each other
through related fields. This area of interest is linked to a specific region in the previous layer by
the weight vector, which means that the weight vector has the same value in all neurons within the
specified region. Through this similarity, similar features in different parts can be detected. The
regional features of the input image are obtained in the convolution layer. A convolution layer in
the ESA architecture performs feature extraction using a combination of linear and nonlinear
(convolution and activation) operations. With the convolution layer, new images called feature
maps are generated. The feature map highlights the unique features of the original image. The
convolutional layer is the convolution that creates the feature map of the images instead of the

connection weights and weight sum used by the neural network layers.
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Input image Filter Output array

Figure 3.6: Convolutional layer operation [42].

Figure 3.7: Convolutional layer [42].

uses filters. The convolution layer generates the same number of image feature maps as the number
of convolution filters used. For example, as shown in Figure 3.19, four different 5*5 size
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convolution filters were used and four different feature maps were obtained from an image. While
the filter sizes in the convolution layers are generally 5*5 or 3*3 matrix sizes, two-dimensional
matrices, 1*1 matrix size has also been used in recent applications. The matrix values of the
convolution filters are determined during the training process of the network and the values are

updated to the appropriate values during the training process.

3.2.1.2 Parameter sharing

The parameter decomposition system is applied to manage the several of parameters at the
convolutional level. Using the example above, you can see that the first coexistence layer contains
55 * 55 * 96 = 290,400 neurons, each with 11 * 11 * 3 = 363 weights and 1 slope. In total, this
only makes 290400 * 364 = 105705600 parameters on the first level of ConvNet. There are
obviously a lot of them.

It turns out that with reasonable assumptions the number of parameters can be significantly
reduced. If the function is useful for calculations in one spatial location (x, y), it is useful in a
different location (x2, y2). That is, define a 2D depth segment as the depth segment to constrain
neurons to each depth segment (for example, a volume [55 x 55 x 96] has 96 depth segments [55
x 55]). Use the same weights and offsets.[43]. The parameter sharing shown in Figure 3.4.

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 imoge

IM hidden umnts
SN ) 10712 porometer
O . Exemple: 1000x1000 image
- . IM hidden units

= ” O { Firer size: 10x10
" o ® 100M parameters
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! A k=

L / - Spatial correlation 15 local I

Better to put resources elsewhere!

Figure 3.8: Parameter sharing [42].

3.2.1.3 Fully connected layers

Lastly, after applying multiple convolutional and max pooling and at the end of convolutional and
pooling layers, the high-level features in the neural network are finished by fully connected layers.
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Where in fully connected layer each single neuron is connected to each single neuron from the
preceding layer. There are no layers after a fully connected layer [44]. Also, not anymore, they
have spatial located (it can be visualizing as one-dimensional. The main goal behind the Fully
Connected layer is to utilize their features for identifying the fed date into different classes
dependent on dataset for training, for the identification work, a lot of the features from
convolutional and pooling layers may be best, likewise may be blends of those features stunningly
better.

E(W) = E E 1{y® =1} :
W) £ L, {y r‘} ngjyﬂexp(WrTx(l))

(3.2)
Two important parameters required in the convolution process are the matrix values of the image
and the convolution filters required for the feature map of the image. Convolution filters are shifted
on the image in certain steps to create a feature map. The overlapping points of the matrix values
of the image and the matrix values of the filter are multiplied and all product values are added. The
sum result is determined as the matrix value of the newly created feature map. The matrix values
of the feature map are completed by the end of the shifting of the filter on the image. Afterwards,
the obtained feature map is processed with a non-linear activation function (ReLU, sigmoid and

tanh functions) and the convolution layer output is created.

3.2.1.4 Non-linear Activation Function

Activation functions are really important to learn complex and non-linear mappings between the
input and output. CNNs without non-linear activation functions would simply be a linear
regression model, unable to model complicated non-linear functions [45]. The main purpose of
using CNN is to make sense of something which is complex, high dimensional and non-linear such
as videos, audio, images etc. This shows the importance of activation function in CNNs. There are
different kinds of non-linearities such as Sigmoid, Tanh-hyperbolic tangent and Rectied linear
units (ReLU). Figure. 3.3 shows the plot of all the three functions.
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Figure 3.9: Activation function [46].

This function mathematically can represented as shown below:
f(x) = max(0,x) (3.3)

Why ReLU is important: The goal of ReLU is to give ConvNet non-linearity. | want ConvNet to
know the real world data, so there are no negative linear values. The activation layer is the layer
that subjects the outputs of the convolution layer to non-linear processing. Linear rectified for this

study from the layer with various activation functions.

ReLu (Rectified Linear Unit-ReLu) activation function known as the unit was selected. The ReLu
activation function sets negative values to zero instead of dealing with negative values. That is, for
values less than zero, the result is zero, while for values greater than zero, it returns its own value
as the result. The most preferred activation function in convolutional neural network structure is
the sigmoid activation function. However, it has proven that ReLu is better than the sigmoid
function in terms of ease of calculation of partial derivatives and preventing gradients from being
reversible. In addition, considering the training times, the sigmoid function is slower than the ReLu
function. One of the operations in the convolution layer is the convolution operation, while the
other is the use of the activation function. The convolution operation is a linear operation, and
therefore the outputs are passed through a nonlinear activation function to impart nonlinearity to
its outputs. While regular nonlinear functions such as the sigmoid, whose graph is shown in Figure
3.21a, or the hyperbolic tangent, whose graph is shown in Figure 3.21b, were used as the activation
function, the nonlinear ReLu function, whose graph is shown in Figure 3.21c, is now commonly
used (Yamashita et al. 2018).
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3.2.1.5 Stride

Stride is the amount of pixels in the input image. If the step is 1, they change the filters 1 pixel at
a time. If the step is 2, we move the filters 2 pixels each, and so on. The picture below shows that

a two-step step will work [47].

Convolve with 3x3
21 22 23 24| 25 26| 27 filters filled with ones

108 | 126

31 32 33 34 35 36 37
41 | 42 43 44 | 45 46 | 47 I:> 288 | 306

51 52 53 | 54 | 55 56 | 57

61 62 | 63 | 64 | 65 | 66 | 67

Figure 3.10: Stride [48]

3.2.1.6 Fully Connected Layer

Convolutional neural networks are structured on two bases: classification and feature extraction.
While the convolution and pooling layers are active in the feature extraction stage, the softmax
activation function layer with one or more fully connected layers is active in the classification
process. The fully connected layer structure in the ESA architecture is like the interconnection
structure of neurons in a traditional neural network. Each neuron (node) in a fully connected layer
is directly connected to each neuron in the next and previous layer with a learnable weight value.
The feature maps obtained as two-dimensional matrices from the image data as a result of
convolution or pooling layers in the ESA neural network are connected to each neuron in the first
layer of the fully connected layer (dense layer) by transforming them into a one-dimensional array
of numbers (or vectors) through the smoothing layer . The training phase in the ESA architecture
is the same as in other neural network architectures. ESA uses an optimization algorithm to update
the weights in its structure and the values in the filters used in the convolution operation. The
optimization algorithm takes the classification error (missing value) and propagates the error
(differentiated) back to the network to update the filters and weights (Ismael et al. 2020). A fully
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connected neural network The number of neurons in the output layer is determined equal to the
number of classes in the classification task. Generally, the softmax activation function is used to
solve multiple classification problems in the output layer. The Softmax classifier normalizes the
real values (pulls the values between 0 and 1) and produces a probability value for each class with

a total probability of 1.
3.3 TRANSFER LEARNING

The small amount of data set to be used for training deep neural networks makes it difficult to train
the model effectively and may cause problems with memorizing the training data. Transfer
learning method is widely used to avoid over-fit problem of deep neural networks (Wang et al.
2020). This method,

It allows the learned weights of models previously trained with large datasets (eg ImageNet,
COCO) to be reused in the process of training the target model with a smaller number of target
datasets. With transfer learning, the target model trains using weights learned from a trained base
network instead of training from scratch. In this way, the features learned by the previously trained
network are transferred and reused in another network designed to perform a similar task. Thus,
while the training time of the target model will be reduced, it will be trained with a small amount
of training data.

The accuracy performance of the models also increases. Transfer learning can be used with two
approaches: using a pre-trained model with fixed feature extractor part or using a fine-tuned whole
model. In the first approach, pre-trained weights are used directly to extract features from the
image, while the last fully connected layer (classifier layer) is modified according to the target task
and only this last layer is sloped with the target dataset. Thus, only the classifier layer is fine-tuned
while the feature extraction layers of the model remain constant. This method is generally effective
when the target dataset is small but similar to the original dataset. In the second approach, the last
fully connected layer (classifier layer) is replaced with a new fully connected layer, and the entire
network is retrained with the target dataset by back propagation. In this method, the parameters of
each layer of the model are updated.

Transfer learning is essential machine learning tool for solving the underlying problem of poor
training data. [49].
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There are several categories of transfer learning listed below:

o Instances-based deep transfer learning:
Instance-based portable deep learning is a group of training courses in the target area,
limited to the resource area by applying a specific approach to weight correction and
applying the appropriate weighting principles to these selected examples. Possibilities to

choose as an add-on for.

o Mapping-based deep transfer learning: Mapping-Driven Deep Learning describes how to
map source and destination field examples to new functional areas. Examples for both

domains in this new data area are and are potentially suitable for corporate DNNSs.

o Network-based deep transfer learning: Reconditioning of a restricted network previously
trained in the domain of the deep learning provider of the distribution network, including the
parameters related to that network configuration, indicates that it will be broadcast as part of
the DNN applied to the target domain [50].

3.3.1 GoogleNet

Imagenet is a large image database that has been instrumental in the development of computer
vision and deep learning research. The dataset contains approximately 1.2 million labeled images
distributed over 1000 classes. Since 2010, the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) has been held annually, in which deep learning models compete for object
detection and image classification based on the ImageNet dataset. Some of the winners

The weights of ESA architectures are recorded and these weights, together with transfer learning
methods, enable new tasks to be performed quickly and with less data (Russakovsky et al. 2015).
A major improvement in GoogleNet uses a framework called Inception [51]. Inception is typically
a network architectured network, and the optimal low-density LAN architecture repeats itself
spatially from start to finish. Three inception architectures are presented for different
environments. Inception usually calculates the layers in front of the expensive 3x3 and 5x5 turns

with 1 x 1 turns. The structure of GoogleNet represented in Figure 3.5.
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Figure 3.11: GoogleNet structure [46]

Furthermore, the structure of the GoogleNet presented in detail dorm in Table 3.1.

Table 3.1: GoogleNet structure.

type pd:;;ni n:::t depth F#1x1 ﬁ:;:cf #3x3 ﬁi:': #5x5 g params ops

convolution TXT7/2 112x112x64 | 27K M
max pool 3x3/2 56x 56 X 64 0

convolution 3x3/1 56 x56x192 2 64 192 112K 360M
max pool Ix3/2 28x28x192 0

inception (3a) 28 x 28 x 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28 x 28480 2 128 128 192 32 96 64 3R0K 304M
max pool 3x3/2 14x14x480 0

inception (4a) 14x14x512 2 192 96 208 16 48 64 364K M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4c) 14x14x512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x 14 %528 2 112 144 288 32 64 64 SROK 119M
inception (4e) 14x14x832 2 256 160 320 32 128 128 40K 170M
max pool Ix3/2 TxTx832 ]

inception (5a) TxTx832 2 256 160 320 32 128 128 1072K 54M
inception (5b) TxTx1024 2 384 192 384 48 128 128 1388K TIM
avg pool TXT/1 1x1x1024 ]

dropout (40%) 1x1x1024 0

linear 1x1x1000 1 1000K IM

softmax 1x1x1000 0

3.3.2 ResNet101

The thread depth has increased, but the accuracy will not necessarily improve. However, there are
some near-clean issues in ResNet. Greater depth, which requires a change in weight at the edges
of the net, slightly improves the estimate of the stock layer [52]. Add-ons are required parameters.
The structure of ResNet101 presented in Figure 3.8.
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Figure 3.12: ResNet101 structure.

3.3.3VGG-16

Oxford University Simonyan and Zisserman are developing sixteen floors, sixteen of which three
are fully connected at the folding level. A CNN using only a path with a 3 x 3 filter and pad, and
the path is up to VGG-16 with a 2 x 2 filter of 2. To reduce the number of parameters in the CNN,
a small filter used 3x3 is applied to all convolutional layers with a filter with an error rate of 7.3%.
VGG-19 is capable of recognizing various images, classifying videos, finding objects, etc. The
design of VGG-16 presented in Figure 3.7.
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Figure 3.13: VGG16 structure

3.3.3VGG-19

The deep features obtained with the Vgg-19 deep learning model were used in classification
methods such as SVM, kNN, RO, KA and NB, and the results were compared. As seen in Figure
28, RO method showed the highest performance (87.778%), while CA showed the lowest
performance (72.222%). It is seen that NB and DVM methods have the same performance
(85.926%).

3.4 HYPER PARAMETERS

In many studies, it is stated that two important factors affecting the performance of machine
learning algorithms are the value of hyperparameters and selected features. The issue of
determining the features has been mentioned in section 2.5, and the determination of
hyperparameters will be discussed in this section. In machine learning algorithms, the hyper
parameter is a value that must be decided by the person who created the relevant model, and its
value may vary depending on the problem to be solved and the data set being used. For example,
the k value in the k-nearest neighbor algorithm is a hyperparameter. The success rate of the mostly
created models may also depend on the hyperparameters. Therefore, it is necessary to select the
most appropriate hyperparameters in order to increase the success rate and ultimately make the

model fit for purpose [110]. The selection of hyperparameters may generally depend on the
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intuition and experience of the people creating the model and the influence of previous
applications. However, recently, various techniques such as heuristic search, grid search and
Bayesian method have been used to determine the optimum value of hyperparameters. In the
heuristic search method, the model is created with the hyper-parameters determined by using
previously owned information and the results are observed. Afterwards, new hyper-parameter
estimates, which are considered to increase the success rate of the model, are made and these
processes are continued until the expected result is obtained. The grid search method, on the other
hand, is a brute force application based on the determination of the best performers from a set of
predefined parameters (Adamsson, 2017). That is, to determine the parameters, all possible
variations of the model are evaluated within the framework of predefined parameters and the most
successful variation is selected as the final model. In the application of the said method, it is
important to determine the range for the values that hyper parameters can take, especially
considering that some hyper-parameters can take infinite values, using the prior knowledge, and
the main points are selected from these determined intervals. As a result, models are tested with
all combinations created using the values of these main points, and the combinations that achieve
the best result are decided. In Bayesian method, the results of previous experience are used in the
selection of the next hyperparameter and hyperparameters are tried to be determined by probability

calculation over the known Bayes theorem [111].

On the other hand, in addition to the methods mentioned above, it is possible to use smarter
techniques such as deep learning and genetic algorithm, which are still under development in this
field, to determine hyperparameters. However, which method to use may vary depending on the
complexity of the model to be developed and the hyperparameters to be determined, and whether
the method to be used will be sufficient, and the grid search method has been applied in this thesis.
While designing the deep learning model, there are some parameters that the designer must decide
on in determining the algorithm used in the model. These parameters to be determined play an
important role in the success rate of model training. Generally, it is not clear exactly which hyper-
parameters will be used initially; problem, dataset etc. varies depending on factors. There may be
more than one hyper parameter group where the model provides high performance. However, the
selection of appropriate hyperparameters may vary according to the designer's intuition and
experience on the subject, and the application of the problem in different areas, at this stage, the

selection of hyperparameters is one of the most important problems to be dealt with in model
61



design. The most commonly used hyperparameters; data set size, batch size, epoch number,
learning rate, determination of weight starting values, optimization algorithm selection, activation
function selection. It is frequently observed that the size and diversity of the data set have a high
effect on the success rate of deep learning models. The larger the data set, the more the learning
will increase, but not only the size but also the diversity in the data set is a feature that increases
the performance of the model. As the dataset size increases, there is no such thing as a constant
increase in performance. After a while, the increase rates will decrease and the limit point will be
determined by considering these rates while the model is being trained. Batch size, each piece size
that needs to be determined in order to process multiple entries in the data set in pieces is called
batch. Processing all the data in the dataset at the same time, especially in very large datasets, is a
very costly process in terms of time and memory. Backward gradient computation on the network
with back propagation in each iteration of the deep learning model and the weight values are
updated in this way. The more data in this calculation process, the more time the calculation will
take. To solve the computation time and memory cost problem; The data set is divided into small
groups and the learning process is performed on these selected small groups. Since the specified
batch size must fit in the GPU memory, the batch size should be determined in the form of 2,4 ,8,
16, 32.. in multiples of two. If it is not determined in this way, there may be sudden drops in
performance. Epoch is a term for iterating a model using the entire training set to update the model
weights as part of the training. While the model is being trained, it is not trained as a whole, but in
parts that we mentioned as batches. During the first training, the performance of the model is tested
and the weights are updated with back propagation. It is retrained with the new part and the weights
are updated again. This iteration is repeated at each training step to calculate the optimum weight
values for the model in this way. Each of these training steps is called an epoch. Since the most
appropriate weight values are calculated in each step during the training, the success rate will be
low in the first epochs, but the success rate will increase as the number of epochs increases. The
size of the epoch number varies depending on the problem. Since the performance will start to
increase very little after a certain number of epochs, the training is terminated at these low increase
points. Learning rate is an important parameter used to measure the learning performance of the
model in deep learning. Updating parameters in deep learning Batch size, each piece size that
needs to be determined in order to process multiple entries in the data set in pieces is called batch.

Processing all the data in the dataset at the same time, especially in very large datasets, is a very
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costly process in terms of time and memory. Backward gradient computation on the network with
back propagation in each iteration of the deep learning model and the weight values are updated
in this way. The more data in this calculation process, the more time the calculation will take [120].
To solve the computation time and memory cost problem; The data set is divided into small groups
and the learning process is performed on these selected small groups. Since the specified batch
size must fit in the GPU memory, the batch size should be determined in the form of 2,4 ,8, 16,
32.. in multiples of two. If it is not determined in this way, there may be sudden drops in
performance. Epoch is a term for iterating a model using the entire training set to update the model
weights as part of the training. While the model is being trained, it is not trained as a whole, but in
parts that we mentioned as batches. During the first training, the performance of the model is tested
and the weights are updated with back propagation. It is retrained with the new part and the weights
are updated again. This iteration is repeated at each training step to calculate the optimum weight
values for the model in this way. Each of these training steps is called an epoch. Since the most
appropriate weight values are calculated in each step during the training, the success rate will be
low in the first epochs, but the success rate will increase as the number of epochs increases. The
size of the epoch number varies depending on the problem. Since the performance will start to
increase very little after a certain number of epochs, the training is terminated at these low increase
points. Learning rate is an important parameter used to measure the learning performance of the
model in deep learning. Updating of parameters in deep learning is provided by back propagation
process. This update process is done by finding the difference by using backward derivatives and
calculating the new weight value by subtracting the result from the weight values of the result
obtained by multiplying the difference value with the learning rate parameter. The learning rate
parameter used during this process can also be determined as a fixed value or an incremental value.
Generally, large values are chosen for the learning rate at the beginning, but smaller values towards
the end. Choosing large learning rates in the beginning will speed up the training steps, while
decreasing the learning rate as the target is approached will increase the classification success.
Determining the initial weight values of the model affects the learning and speed of the model.
Although there are different weight determination methods, definitions can be made with a
standard deviation such as 0.5 or a uniform distribution between 0.5 and 0.9. If the weight values

of the model are initially initialized to zero

63



Since the matrix multiplication is a sum in the calculation, the weights should not be given as zero
at the beginning, since the inputs will be the same as the output. Optimization methods in deep
learning models are important to find the optimum value in solving nonlinear problems.
Commonly used optimization algorithms; stochastic gradient descent (SDG), adam, adamax,
RMS-Prop, adagrad. Although SGD is the optimization algorithm used by default in deep learning
models, it can be said that it works slower than other methods. At the same time, it can give very
bad results in some problems, especially image recognition problems. Adaptive algorithms learn
the learning rate itself. If we talk about a few optimization algorithms; AdaGrad makes large
updates for sparse parameters and smaller updates for frequent parameters, and therefore it can be
said that it is more suitable for sparse data such as NLP and image recognition. There is a learning
rate for each parameter in Adagrad, and the learning coefficient gets extremely small as the
learning rate continues to grow during the update process. Rmsprop, on the other hand, was
developed as a solution to exactly this extreme shrinkage problem in Adagrad. Instead of using all
the values obtained from the squares of all past slopes in the Adagrad algorithm, it has limited the
amount of value to a certain frame size. Another optimization algorithm, Adam, caches the
momentum changes as well as the learning rates of each of the parameters. Activation functions,
linear in multilayer neural networks are functions used to transform operations into nonlinear
operations. In deep learning, a linear structure is formed as a result of matrix operations in hidden

layers. Deep learning methods are used to solve nonlinear problems [112].

Since it is more effective in solving the model, the model is transformed into a nonlinear structure
with activation functions. Some of the activation functions used can be exemplified as Sigmoid,
Tangent, Relu and Leaky Relu. Although sigmoid is the most frequently used activation function,
the most useful activation function can be shown as Relu, since the parameters are learned more
quickly. If negative values are important in our problem, Leaky Relu will be more useful because
it catches negative values that Relu misses. Again, the selection of the activation function varies

depending on the problem.
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4. CONVOLUTIONAL NEURAL NETWORK BASED ON SUPPORT
VECTOR MACHINE AND FACTOR ANALYSIS

In this chapter the proposed method of our research named CNN based on SVM and GA was
presented. The proposed method consist from three stages, feature extraction using CNN, genetic
algorithm applied as feature selector to reduce the size of output features of the CNN. Then, SVM

applied for for classification of the extracted features.

In the first stage, AlexNet is a CNN channel hosted by Alex Krizhevsky. AlexNet was involved in
ImageNet's core work on image recognition in 2012. The network was ranked in the top five errors

with a 15.3% rate, down 10.8% from its completion rate.

AlexNet is the name of a convolutional network that has had a great impact on machine learning,
especially in deep learning computer vision applications. As you know, we won the 2012
ImageNet LSVRC competition by a wide margin (26.2% (second place) with an error rate of
15.3%). Network - Yang LeCun et al. But LeNet was deeper in a convolutional layer that applies
multiple filters layer by layer. Consists of 11x11, 5x5.3x3, line, max connection, interrupt, data
increase, ReLU trigger, SGD with pulse. Activating Connected ReLU after fully connected layer
with all stacking layers. AlexNet trained with two Nvidia Geforce GTX 580 GPUs simultaneously

for six days, splitting the network into two channels.

AlexNet has eight levels. The convolutional layer was the first 5 geotags, some of which had the
maximum level of clustering, the fc layer shown in the last three, and the activation function was
not applied. Shown improved training accuracy for Thane and Sigmoid. The AlexNet shoen in
Figure 3.6.
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Figure 4.1: AlexNet structure [44]

Then, the Genetic Algorithm, used in the field of Artificial Intelligence, is a kind of algorithm that
searches for the best spot. It's about finding a solution to a problem. If we can turn real problems
(like containers on dry cargo ships, how to move from point to point, how to create optimal
delivery routes, etc.) into research problems, we can solve this problem. Genetic algorithm’s
theme. A genetic algorithm (GA) is a function that performs permutation-based optimization and
looks for a criterion for the likelihood of convergence. It is a research and optimization method
that works in the same way as the evolutionary process observed in nature. Genetic algorithms are
described in the literature as follows: Genetic algorithms are powerful evolutionary strategies
based on the basic principles of biological evolution. The researcher must first correctly identify
the type of the variable and the problem with which he is dealing, and then code according to that
definition. Then the fitness function is determined, which is one of the inputs to the algorithm, and
this is the objective function that needs to be optimized. Genetic operators such as mating and
mutation are applied stochastically at many stages of evolution, so it is necessary to determine the
probability of their occurrence. Finally, we need to meet the convergence criteria and solve the
problem at the lowest cost. GA performs a global search instead of a local one to solve the problem.
If the problem is influenced by too many factors, the literature recommends using a genetic
algorithm to solve it.. Briefly, the working principle of the Genetic Algorithm is as shown in figure
4.2.
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Figure 4.2: GA process [48].

The flowchart of the algorithm presented in the figure 4.3.
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Figure 4.3: GA flowchart [113].

How people understand a problem depends on the problem. The most important factor that
determines the success of the genetic algorithm in solving a problem is the representation of the
person who offers the solution to the problem. Everyone in the population has a fitness function to
decide whether there is a solution to the problem. Individuals who score higher according to the
evaluation obtained by the fitness function are capable of producing offspring with other
individuals in the population. At the end of the mating process, these humans give birth to new
humans called babies. The child has the characteristics of the parents (mother, father) who created

it. Individuals with low fitness scores are less likely to be selected when creating new individuals,
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so they will be removed from the population after a while. A new population is created by
increasing the number of healthy people in the old population. At the same time, this population
contains most of the characteristics of well-educated individuals from the previous population.
Therefore, good traits are passed down from generation to generation and combined with other
good traits as a result of a genetic process. The more individuals with a high fitness value come
together and create new individuals, the better a working area is obtained in the search space. In
order to find the best solution to the problem; The concepts used in the genetic algorithm are used
in a similar sense to the theory of evolution in biology. In natural life, populations are formed by
the coexistence of individuals. The population created for the GA algorithm is formed by the
gathering of many individuals, in other words, by the gathering of many possible solution
candidates. Candidate solutions are kept in sequences coded according to the problem. Each
element that makes up this array is called an individual, and each individual represents a specific

region in the search space.

In the genetic algorithm, the first starting individuals are usually randomly generated, but this is
not a requirement. Especially in very constrained optimization problems, better candidates can be
created by paying attention to some of the defined constraints to create the starting individuals. As
a result of exposing individuals to the fitness function process, the fitness value, which evaluates
how close the solution is to the optimal solution, is determined. The genetic algorithm with the
initial population created works with three evolution operators. These; selection, crossover and
mutation operators. In general, each of these operators is applied to each individual of the
population that will form in the next generation.

Selection is the process of selecting parent individuals to create new individuals based on their
fitness values in the population. The crossover operator is applied after the selection process and
expresses the mutual replacement of certain parts of the chromosomes of the parent individuals
and thus the formation of individuals with new characteristics. The mutation process is the process
of changing a gene in any of the chromosomes of the newly formed individual depending on the
probability of mutation.

There are various methods to terminate the genetic algorithm process. These methods are; When
the desired solution is found during the operation of the algorithm, when the total number of
iterations defined at the beginning of the GA is reached, or when the fitness value remains constant,
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the solution represented by the best individual found is presented as the most suitable solution

found for the problem.

In the last stage, the SVM applied to classify the selected features by the genetic algorithm and the
flowchart of the method presented in the Figure 4.4.

Read X-ray using
MATLAB

Applied Alexnet for
feature extraction

Applied GA for

feature selection

Divide data into train

e Train SVM

Test SVM Model SVM Model

Figure 4.4: Proposed Method flowchart.
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5. EXPERIMENTAL RESULTS

5.1 EVOLUTION METRICS

Different performance criteria are used in order to examine the success rate of the models created
using classification algorithms, that is, to decide which model can achieve more accurate results.
The basis for the calculation of some of these criteria is the creation of an error matrix, and this

section includes information about the error matrix and the mentioned performance criteria.
5.1.1 Confusion Matrix

In machine learning, the error matrix, also known as the complexity matrix, is used to visualize
how successful the classification algorithms are. In this matrix, there are real situations and
situations that reflect the predictions of classification algorithms. Therefore, the error matrix
contains the correct and incorrectly predicted values that allow the performance of classification
algorithms to be evaluated, and the rows of the said matrix contain the actual class values and the
columns the predicted class values. It is also possible to apply the opposite of the values
represented by rows and columns. As an example, an error matrix created for the binary classifier

is given in table 5.1 below. The said binary error matrix consists of the following values
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Figure 5.1: Confusion matrix [114]

A Confusion matrix is an N x N matrix used to evaluate the performance of a classification model;
where N is the number of target classes. The matrix compares the actual target values with the
values predicted by the machine learning model. This gives researchers a holistic view of how well
the classification model is performing and what kinds of mistakes it has made. More than one
parameter in the Confusion matrix and these together form the Confusion matrix. Below are

descriptions of these parameters:

True Positive (TP): The predicted value matches the actual value. The true value was positive and

the model predicted a positive value.

True Negative (TN): The predicted value matches the true value. The true value was negative and
the model predicted a negative value.
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False Positive (FP): The predicted value was incorrectly estimated. The true value was negative

but the model predicted a positive value.

Using the above parameters, more than one criterion is calculated and these criteria show the
performance of the model. The first of these is the criterion of accuracy, it is calculated by adding
the number of correctly classified values and dividing by the total number of values. Accuracy is
one of the most important criteria used in classification problems. Therefore, the accuracy value is

constantly compared during the comparison.

In the chapter, the results of the proposed method presented and explained using confusion matrix
to evaluate the results. The parameters that are calculated in this chapter lead to diagnosis the

power and weaknesses of the proposed method.

iii.  Accuracy
The accuracy rate is obtained by dividing the correctly classified samples by the total number of
samples. While calculating the accuracy rate, all error types are taken into account and all samples
are equally important. Therefore, the accuracy rate, whose formula is given in figure 2.9 below, is
used to evaluate the overall performance of the algorithm used in the classification process.
However, it is effective in cases where the data set is unevenly distributed. it is impossible to say.
Namely, in the model developed to predict whether a person is sick or not, if the number of sick
people in the sample data set is only a small part of the data set, such as 5%, it will be possible to
predict with 90% success that the person is not sick even if a random estimation is made. In such

cases, high accuracy will not mean high performance.

Accuracy (ACC) calculated in equation (4.1):

Accuracy (Acc) = % (4.1)

Also, Sensitivity (TPR) calculates the percentage of correctly recognized positives. Measured

Precision is as shown in Equation (4.2):

TP

Sensitivity (TPR) = (TP + FN)

(4.2)
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In addition, Specificity (SPC) calculates the percentage of correctly recognized negatives.

Measured Specificity is as shown in Equation (4.3):

TN

(4.3)
TP indicates true positive, TN indicates true negative, P indicates condition positive, N indicates

condition negative, and FPR indicates false positive.
5.2 CROSS VALIDATION

As mentioned in the previous sections, in the application of machine learning algorithms, the data
set is divided into two groups as training and testing. Machine learning models are created using
the training data set, and the performance of the models is evaluated using the test data set.
However, if the performance is evaluated through only one training and test data in this way, it is
not possible to determine whether the training and test data sets coincide with good results by
chance. In such a case, the implementation of the model may result in unexpected results. At this
point, various methods are applied in order to evaluate the performances of machine learning
models more effectively, and in this thesis study, k-fold cross validation method was applied for

the aforementioned purpose. The Figure 5.1 shown the cross validation method.
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Figure 5.2: Confusion matrix [115]

In the k-fold cross validation method, first the data set is randomly mixed and divided into k equal
groups. Then one group is selected as the test dataset and all other groups are used without training
the model. The performance of the model created with the training data set in question is measured
and stored over the relevant test data set. These processes are repeated for each group and the final
performance of the model is determined by averaging the performance criteria obtained in each
step. Thus, with the mentioned method, the problem of machine learning models failing in practice
while giving successful results in the development environment can be avoided and the created
models become more stable. Figure 5.3 below shows the 5-fold cross-validation process as an

example [116].
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Figure 5.3: Confusion matrix of our method.

The cross validation applied to enhance proposed method performance by calculating the average
of 5 experiments. This assist the method to avoid the overfitting problem. The results using cross

validation presented in the Figure 5.4.
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The presented framework is also compared with previous studies the proposed in related
researches and is shown in Table 5.1.

Table 5.1: Comparison with litreature

Ref Acc (%)
[54] 92.3
[55] 88.90
[56] 94.7
[57] 96.2
[58] 87.02
[59] 93.6
[60] 92.67
Our Method 95.90

By analysing of the Table 5.1, the results show that the proposed method produces better results
than other major studies. The methods presented use classic methods such as CNNs and genetic
algorithms and can show surprising results on a small number of datasets. Deep learning methods,
on the other hand, require large amounts of data to perform better than other methods. Also, the
complexity of the data model makes training very expensive. In [54] Xin Li et al. dealing with
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With the growing demand for millions of COVID-19 tests, computed tomography (CT) -based
tests have emerged as a promising alternative to the gold standard for RT-PCR testing. However,
it is mostly administered in emergency rooms and hospitals due to the need for expensive
equipment and trained radiologists. Adequate, accurate, rapid but inexpensive testing is urgently
needed to screen the population in mobile, emergency and primary care settings for COVID-19.
Here, we have developed a deep convolutional neural network (CNN) that extracts features from
chest x-rays (XCRs) of pneumonia and large area normal mass cases and amplifies them with a
small number of COVID-19 cases. Automatically distinguishes COVID-19 cases from pneumonia
cases and / or normal XCR images. We demonstrate the great potential of our COVID-Xpert and
XCR-based population screening approach to detect COVID-19 cases with impressive
experimental results. In [55] Parnian Afshar et al. presents an alternative capsule network-based
modeling environment called COVID-CAPS that can handle small datasets of great importance
due to the sudden and rapid onset of COVID-19. Our results, based on the X-ray imaging dataset,
show that COVID-CAPS has an advantage over previous CNN-based models. COVID-CAPS
achieved 95.7% sensitivity, 90% sensitivity, 95.8% specificity and 0.97 area under the curve
(AUC) with far fewer parameters than its trainable counterparts. To further enhance the diagnostic
capabilities of COVID-CAPS, pre-training will be built on a new dataset from an external X-ray
imaging dataset. Pre-training has been further increased with the nature similarity dataset, so the

sensitivity is at 98.3%. and the specificity is 98.6%.
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6. CONCLUSION

In this section, we have developed a new COVID-19 detection framework that uses an SVM
classifier based on a CNN model and a genetic algorithm. The main question in machine learning
methods is how to work with large functions in some examples. This results in over-fit of the
model or degraded performance during testing. Our goal was to avoid overfitting the feature
selection and extraction methods. An important contribution to this research is the combination of
genetic algorithms for the extraction and selection of CNN features. This combination consists of
extracting the active function from the input data associated with the classifier. Furthermore, the
SVM classifier proposes a conservative method to separate two discrete finite groups A and B in
an n-dimensional space and concludes that it provides fast and accurate results with less training
data. The combination of these methods results in a robust model that provides remarkable results

compared to other known studies.

How successful transfer learning is compared to the standard CNN model in a small amount of
data has also been observed in this thesis study. In each developed model, solutions to existing
problems have been produced, so success rates have been increased. In this thesis study, it was
observed that the success rate of model training with transfer learning was high, and results were
obtained with AlexNet models in terms of both success rate and time. However, AlexNet was

observed as the most successful transfer learning model on this data set.

The feature selection technique used in this study by applying genetic algorithm. The genetic

algorithm are number of advantages that are assist this model such as: Parallelism.
e Global optimization.
e A larger set of solution space.
e Requires less information.
e Provides multiple optimal solutions.
o Probabilistic in nature.

o Genetic representations using chromosomes.
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These features assist the model to select best features that are extracted by AlexNet which the 4096
features reduced to the 1643 which represented best features that presented optimum accuracy in
detection of Covid-19.

In the future works, the researcher advises to apply other optimization algorithms that published
in the last years instead of genetic algorithm to obtain new results which can be effective with
Covid-19 detection.
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