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ABSTRACT

The coronavirus disease (COVID-19) has rapidly spread over the world since the
end of 2019. The immediate and accurate diagnosis of COVID-19 is essential for
improving the prognosis of this disease and reducing the pandemic spread. Although
the PCR test is a standard test to diagnose COVID-19, radiography techniques such
as chest X-rays and computed tomography (CT) scans are preferred for detection of
COVID-19 disease. Deep learning and convolutional neural Networks (CNNs) play
an important role in the early and accurate detection of COVID-19 using radiography
images. In this project, a deep convolutional neural network framework based on a
transfer learning technique with fine-tuning is suggested for detection and classifica-
tion of COVID-19. Two pre-trained models i.e., VGG16 and DenseNet201 are trained
using COVID-19 CT images dataset. Various experiments are performed to evaluate
the performance of the pre-trained models using several evaluation parameters. The
results show that the best accuracy of 99.4%, recall of 99.39%, precision of 99.4%,
Fl-score of 99.39%, and Area Under the Curve (AUC) of 99.93% are achieved by
VGG-16 model. DenseNet201 model also shown a competitive result with an accu-
racy of 99.13 since it has lesser execution time and fewer parameters compared to

other deep learning models.
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Chapter 1

Introduction

1.1 Overview

In December 2019, the Coronavirus Disease (COVID-19) was first reported in Wuhan,
China which is known as a respiratory disease caused by a severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) [1]. With the quick spread and increase in
the number of cases worldwide, on March 11, 2020, the World Health Organization
(WHO) declared the novel COVID-19 as a pandemic. Currently around 594 million
people are infected by COVID-19 worldwide, and more than 6 million people have
died around the world (as of August, 2022) [2]. The coronavirus is a highly infectious
virus that can be spread via the air by an infected person while sneezing or coughing.
It can also be spread by contact with surfaces contaminated by an infected person.
The most common symptoms of COVID-19, as declared by the WHO, are fever,
dyspnea, cough, short breathing, sore throat, fatigue, and headache [3].

The standard test for diagnosing COVID-19 cases is based on reverse transcription
polymerase chain reaction (RT-PCR). COVID-19 RNA can be detected in respiratory
specimens using nasopharyngeal or oropharyngeal swabs. But the detection of this
disease using RT-PCR is very time consuming, the test takes around 6 to 8 hours
to process the sample and show results [4]. It also gives error-prone results such as
high false-negative rates [5]. Such a time is long compared with the continuously
growing spread rate of COVID-19. As result, given the widespread and the lack of
fast accurate tests, a faster screening method is required for COVID-19 outbreaks [6].

Besides RT-PCR, medical images, such as chest X-ray and chest computed to-
mography (CT), have become a primary method for diagnosing COVID-19 cases [7].



Patches of Ground-Glass Opacity (GGO) and consolidation on radiographs are the
most common signs of COVID-19 infection according to [8]. However, the viral infec-
tion indicators can be subtle and it is difficult for radiologists to differentiate COVID-
19 from normal cases or other pneumonia. Thus, intelligent diagnostic systems that

can detect COVID-19 and pneumonia in chest radiography images are highly required.

1.2 Motivation

In recent years, machine learning (ML) and deep learning (DL) have been proven as
promising methods in solving different types of problems, such as image recognition
[9], object detection [10], etc. ML and DL have helped a lot in the medical field,
such as health monitoring, robot surgery, disease detection, and many more. One
method to detect disease is done by using convolutional neural networks (CNNs).
Convolutional neural network (CNN) is a type of deep learning that is able to obtain
information from digital images, videos, and other visual inputs. CNN gives very
promising results in disease detection [10]. CNN can be used to detect COVID-19
and pneumonia from chest CT images while providing cost-effective, reliable and

reducing the time required for disease detection with maintaining a high accuracy.

1.3 Related Work

Several research works and studies have been proposed in recent years to detect and
classify COVID-19 from radiological imaging. Wang et al. [11] proposed a structure
that achieved a more outstanding performance. Pre-trained models (PTMs) firstly
were utilized to learn the features, and a unique (L, 2) transfer feature learning
approach was suggested to extract the features. Then, they introduced a pre-trained
network selection approach for fusion to choose the best two models defined by PTM
and NLR. Finally, discriminant correlation analysis was developed to help fuse the
two features from the two models via deep chest CT (CCT) fusion. They achieved
sensitivity, precision, and Fl-score of 98.30%, 97.38%, and 97.62%, respectively.
Sarker et al. [12] proposed CNN model using DenseNet-121 for automatic classi-
fication of COVID-19 patients. They used transfer learning technique to train the
deep learning network by removing gradient problem. They developed a website that
take radiology images and produced the infected regions. The results showed that

the accuracy obtained from this technique was 87%.



Wang et al. [13] identified the COVID19 accurately using a learning framework
known as redesigned COVID-Net, which performed separate feature normalization.
They used 2492 CT scan images as Site (A) and 568 CT scan images as Site (B)
for their model. They achieved an accuracy, precision, recall, F1 score, and AUC of
90.83%, 90.87%, 85.89%, 95.75%, and 96.24%, respectively for Site (A). They achieved
an accuracy, precision, recall, F1 score, and AUC of 78.69%, 78.83%, 79.71%, 78.02%,
and 85.32%, respectively for Site B.

Soares et al. [14] created a SARS-CoV-2 CT-scan dataset, where there were 1252
Covid-19 CT-scans and 1230 non Covid-19 CT-scans. A total of 2482 CT-scans were
obtained from a hospital located in Sao Paulo, Brazil. The dataset was tested using
eXplainable Deep Neural Network (xDNN) and obtained 97.31% F-measure.

Li et al. [15] developed COVID-19 detection neural network (COVNet) to extract
the features from chest CT images for detection COVID-19 patients. COVNet was
trained over dataset contains 4356 chest CT images. The accuracy obtained from
COVNet was 95%.

El Asnaoui et al. [16] proposed CNN models for binary classification of COVID-19
using chest X-ray and CT images. They used pre-trained models namely VGG-16,
InceptionResNet-V2, VGG-19, Xception, Inception-V3, MobileNet-V2, and ResNet50
for classification. The classification accuracy that obtained from MobileNet-V2 was
96%.

Panwar et al. [17] used a transfer learning algorithm using VGG-19 model for
detection of COVID-19 patients from chest X-ray and CT images. They also used
Gradient Weighted Class Activation Mapping (Grad-CAM) to visualize the infected
area in the images. They achieved an overall accuracy of 95.61%.

Jaiswal et al. [18] proposed deep learning model using pre-trained DenseNet201
model to classify COVID-19 disease on chest CT-scans. The results of their study
showed that the proposed DenseNet201 model achieved accuracy of 97% with the
training and validation accuracy as 99.82% and 97.4%, respectively.

Zheng et al. [19] proposed a weakly-supervised deep learning-based software for
diagnosis of COVID-19 patients using 3D CT scans. They used pre-trained UNet
technique for segmentation of 3D lung images. The segmented regions are applied
on deep neural network for prediction of infected regions. The result obtained from
their model was 95.9% ROC AUC and 97.6% PR AUC.



1.4 Contribution

The contributions of this work can be summarized as follows:

1. We propose two deep CNN models for detection and classification of COVID-
19 using chest CT image dataset. The proposed models is based on a transfer

learning technique using VGG-16 and DenseNet201 pre-trained models.

2. The proposed models are trained and tested using an imbalance CT images
dataset. To validate the applicability of the proposed models, we created a

balanced dataset using the undersampling technique.

3. Several experiments and result analysis are performed to evaluate the perfor-
mance of the proposed models using various evaluation metrics such as accuracy,

precision, recall, Fl-score, and Area Under the Curve (AUC).

1.5 Outline

The structure of the project is organized as follows:

Chapter 1 presents the problem considered, scope of the research, the motivation,

related works, and the contributions of this research.

Chapter 2 reviews the background and fundamentals of CNN and describes transfer

learning technique.

Chapter 3 presents the methodology that has been used for the analysis, explains
the dataset, data preprocessing steps, data splitting, and CNN models that has
been used in this research. Fine-tuning, training the models, and the parameters

used to evaluate the performance of the proposed models are also described.

Chapter 4 presents the performance analysis and experiment results of the models
for the unbalanced and balanced streams of data. The performance metrics are

presented along with a discussion of the results.

Chapter 5 contains conclusion of this project and describes the future work.



Chapter 2
Preliminaries

This chapter presents a basic concepts of CNN networks. We also present the con-
ventional architectures of CNNs and describe different components of each layer of a
CNN networks. Moreover, in this chapter, we describe different activation functions
used in CNNs. Finally, we end this chapter by presenting an overview of the transfer

learning techniques.

2.1 Convolution Neural Network

Convolution neural network (CNN), also known as ConvNet, is a type of deep learn-
ing (DL) architectures, which can be used for different applications, such as object
detection, classification of images, video, texts, and other computer vision related
applications. The first architecture of CNNs, known as LeNet-5, proposed by LeCun
et al. [20], which is widely used to classify handwritten digits.

A CNN is a DL algorithm that can take an image as input, assign learnable
weights or importance to various aspects in the image and differentiate one from the
other. The amount of preprocessing required in a CNN is much lower as compared to
other classification algorithms. While filters in primitive approaches are often hand-
engineered, CNNs are able to learn these filters/features with sufficient training. The
architecture of a CNN is similar to that of the connectivity pattern of neurons in
the human brain and was inspired by the organization of the visual cortex. The
role of CNN is to reduce the image into a form that is easier to process, without
losing critical features for a good prediction. This is important when designing an

algorithm that is scalable to massive datasets [21]. Figure 2.1 shows the concept



of CNN operations. The main CNN operations are input layer, convolution layer,
pooling layer, fully connected layer, batch normalization layer, and dropout layer.

— TRUCK
— VAN

|j |:| — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CONNECTED SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure 2.1: The operations of a convolution neural network [21].

2.1.1 Input Layer

The CNN takes an image as an input with an n-dimensional array of pixel values. An
array of values is called a tensor, a tensor can be a matrix with (2-dimensional) or
a vector with (1-dimensional) that represents all data types. The input image has a

number of channels. The number of channels is commonly three for RGB images [22].

2.1.2 Convolutional Layer

The convolutional layer is a main component of the CNN architecture. This layer
performs feature extraction using a combination of linear and nonlinear operations,
such as convolution operations and activation functions [23]. In other words, the
purpose of the convolution layer is to extract different types of features from the
input image. This layer is applied across the input (a tensor) which is an array of
numbers to obtain the output which is called a feature map or convolved feature.
Conventionally, the first convolutional layers capture low-level features such as edges,
colour, gradient orientation, etc. The next convolutional layers learn more complex
features such as patterns and textures. The last convolutional layers learn high-level

features such as objects or parts of objects [21].



The element that is responsible for performing the convolution operation is called
a kernel, which is a small array of numbers. The kernel filters out everything that is
not important for the feature map, focusing only on the most important information.
The feature map is extracted by passing the kernel filter over the input tensors with
a certain stride length. Stride is the number of pixels shifting over the input tensor.
At each stride, the kernel filter matrix is multiplied by the input matrix and summed
to obtain the output value in the feature map matrix [23].

Figure 2.2 shows an input image with a (5 x 5) dimensions (shown in green) and
a (3 x 3) kernel filter (shown in yellow) to obtain a (3 x 3) convolved feature (shown
in purple). The stride size is one the kernel convolves around the input by shifting
one unit at a time, with each shift performing a matrix multiplication of the kernel

and the input image to obtain the output feature map [21].

1{1]10]0 1]1]1]0]0 1(1[1]00

011)1/1/0| [4]3 o[1]11fo]| [4]3]a] [0]1]1][1]0] [4]3]4

0/0f1,1/1 olo[afaf1| [2]a]3] [0]O|1faf1] [2]4]3

ojo|1|1]|0 ojo|1[1]0, o|o|1/1/0 2|34

oj{1|1/0]0 0110_|F 011,:|q,,oj

Image Convolved Image Convolved Image Convolved
Feature Feature Feature

Figure 2.2: Convoluting a (5 x 5) input image with a (3 x 3) kernel filter and a
stride size 1 to obtain a (3 x 3) convolved feature [21].

The convolved feature matrix can remain the same size of the kernel dimensions
or the input dimensions. This is done by applying valid or same padding. The valid
padding is when convolved feature has the same size of the kernel dimensions. The

same padding is when convolved feature has the same size of the input dimensions [21].

2.1.3 Pooling Layer

The pooling layer performs a down-sampling operation to reduce the dimension of the
convolved feature. This is done to extract dominant features which are rotational and
positional invariant, thus reducing the computations required to process the data and
maintaining the process of efficiently training the model. There are two common types
of pooling operation: average pooling and max pooling. Average pooling returns the

average of the corresponding values from the portion of the image covered by the



kernel. On the other hand, max pooling returns the largest value from the portion
of the image covered by the kernel [24]. Figure 2.3 shows an example of a pooling

operation.

Max Pooling Average Pooling
29 | 15 | 28 | 184 31 [ 15 | 28 | 184
0O (100 | 70 | 38 0 |100| 70 | 38
12812 7 2 (EZ 12 7 2
12 | 12 | 45 | 6 12 |12 | 45 | 6
2x2 2x2
pool size pool size
\ A
100 | 184 36 | 80
12 | 45 12 | 15

Figure 2.3: Examples of max pooling and average pooling operation [24].

2.1.4 Fully Connected Layer

The output feature maps from the final convolution or pooling layer are generally
flattened, i.e. converted into a one-dimensional vector, and connected to one or more
fully connected (FC) layers, in which every input is connected to every output from
the previous layer [23]. The FC layer is also called a dense layer. The features
extracted by the final convolution layers and down-sampled by the pooling layers are
used to produce the output of the network [25]. The final output is the probability
for each class in a classification example. Figure 2.4 shows a fully connected neural

network with four layers.

2.1.5 Dropout Layer

Dropout refers to discarding the neurons during the training process, so they are not
considered during a certain forward or backward pass which reduces the network.
Dropout layer randomly sets a portion of nodes from the FC layers to zero with a fre-
quency of rate at each step during training time. Dropout is commonly used method

to reduce the effect of overfitting [26]. Overfitting in a machine learning model occurs



Figure 2.4: Example of a fully connected neural network.

when the training accuracy is much greater than the testing accuracy [23]. Dropout is
a commonly used after multiple fully connected layers towards the tail end of a CNN.
An example of dropout is shown in Figure 2.5. The dropout rate is the probability
of retaining a given unit in the layer, where 0.0 indicates that there are no outputs

from the layer and 1.0 indicates that there is no dropout [27].

Without dropout With dropout

Figure 2.5: Dropout in neural network.

2.1.6 Batch Normalization

Training ML model is stable and more efficient when the input distributions of layer
inputs are the same. A model can be biased due to variations in these distributions.
Batch normalization is used to perform normalizing operation on the inputs to a layer

coming from a previous layer [28].
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2.1.7 Activation functions

Activation functions are non-linear mathematical functions, which estimate non-linear
functions to generate the output. The activation function is added at the end of each
layer of CNNs. Softmax [29] and Rectified Linear Unit (ReLU) [30] are activation
functions mostly used in CNNs and are described below. The softmax activation

function is given by:

Zi

Softmaxr = (2.1)

K .
j=1¢"

where z; is the input tensor and £ is the number of the input tensors.

Softmax function converts real output values from the last FC layer to target class
probabilities, where all output values sum to one and each value ranges between zero
and one. Softmax activation function is commonly used in multi-class classification
tasks [31]. The softmax function is used in the last FC layer of the proposed models
so the results can be interpreted as a probability distribution for three classes. Figure

2.6 shows the softmax function in neural networks.

hidden

apple: yes/no?
bear: yes/no?
candy: yes/no?
dog: yes/no?

egg: yes/no?

Figure 2.6: Softmax function in a neural network.
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The Rectified Linear Unit (ReLU) function is given by:

0, if <0

2.2
x, if >0 (22)

ReLU(z) = max(0,z) = {

where x is the input value.
This activation function ranges from zero to the input value x, if x is negative, it
will be converted to zero by this activation function. The ReLU activation function

is the maximum value between zero and the input.

2.2 Transfer Learning

Transfer learning is a deep learning technique to train a model on a small data set, in
which model is already pre-trained on large scale dataset, such as ImageNet, which
consists of 1.4 million images with 1000 categories (i.e., car, truck, lion, fish, orange,
etc.) [32]. Transfer learning contains adopting features learned on the source problem
and leveraging them on a new similar problem. This portability of learned generic
features is a unique advantage of machine learning that makes it useful in various
tasks with small datasets.

Transfer learning method has been successfully applied for improving CNNs per-
formance and solving many deep learning problems [33]. In image classification,
transfer learning is a method where a model trained on one task is reused to a new
but similar task, requiring minimal retraining and fine-tuning. For example, a task
for COVID-19 image classification on small dataset can be initiated using a CNN
model trained on the ImageNet dataset. Since deep learning needs a large amount of
training data to learn certain patterns, the need for large amounts of data is a sig-
nificant issue, particularly in the medical imaging field. The effectiveness of transfer
learning can be limited when transferring data contents from one type to another. In
this case, transfer learning is no better than training from scratch [34].

There are two commonly used strategies to exploit transfer learning on a pre-
trained model. Feature extraction and fine-tuning. Feature extraction method is
a process to remove FC layers from a model pre-trained on ImageNet. The initial

architecture and the learned parameters, which contains a series of convolution and
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pooling layers, referred to as the convolutional base, is used as a features extractor
for the input of the new classification model. In this method, any machine learning
classifier, as well as the FC layers in CNNs, can be added on top of the feature ex-
tractor. Due to the differences between ImageNet and medical images, this technique
is not common in deep learning research on medical images.

Fine-tuning is a method that can not only replace FC layer of the pre-trained
model with a new FC layer to retrain on the given dataset, but also make some mod-
ifications to the pre-trained model, such as architecture adjustments and parameter
fine-tuning. In this method, all or part of the layers in the convolutional base can be
fine-tuned [23] [34]. This technique is more often applied in deep learning research
on medical images [23]. The concept of the transfer learning technique is illustrated

in Figure 2.7.

Input Input Input
I- ----- 1 r L i - - 1 r -— - Lo 1
I | | 1 | Pretrained I
= . | cl Pretrained | ol Convolutional |
S | Pretrained | .2 | Convolutional | - I Base l
g1 Convolutional ‘g Base = —
_‘é 1 Base | 'ﬁ | 1 =1 I
— — oo
£ I 1 ; 1 Freeze | £ Fine Tune I
% | ‘E 1 l 1 21 Convolutional |
a ! 1 | 21 | _E | Base 1
[* 8
! I I I I . I
! Pretrained | | NewClassifier | I |
1 Classifier 1 1 1 I New Classifier |
L oe on o o oo o

Prediction Prediction Prediction

Figure 2.7: Concept of the transfer learning technique.
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Chapter 3

Methodology

In this chapter, we present a detailed description of the suggested methodology for
detecting COVID-19 in chest CT scan images. The process of our suggested method
for detecting COVID-19 is illustrated in Figure 3.1. The proposed framework includes
the following steps: the COVID-19 CT scan dataset description, preprocessing of the
data, selecting different CNN models i.e., VGG-16 and DenseNet201, training the
models, and evaluating the performance of the models using evaluation metrics. The

steps are discussed in more detail in the following sections.

Dataset Data Model Training the Performance
Discription Preprocessing Selection Models Evalution

Figure 3.1: The proposed framework.

3.1 Dataset Description

The dataset used in this project was obtained from the Kaggle COVID-19 radiog-
raphy database [35]. This dataset was constructed by collecting data from 7 public
datasets to create a large CT scan dataset of the lungs for COVID-19 [36]. In this
dataset, the CT images are divided into three classes, namely COVID-19, Community
Acquired Pneumonia (CAP), and Normal. The COVID-19 CT images dataset consist
of 7593 COVID-19 CT images from 466 patients, 2618 Pneumonia CT images from
60 patients, and 6893 Normal CT images from 604 patients [35]. These datasets have
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been publicly used in the COVID-19 diagnostic literature and have demonstrated
their efficiency in deep learning applications. The details of COVID-19 CT images
dataset are given in Table 3.1, where, a sample of CT images is illustrated in Figure
3.2.

Type Total Patients Total Images
Normal 604 6893
COVID-19 466 7593
Pneumonia 60 2618
Total 1130 17104

Table 3.1: Details of COVID-19 CT scan dataset.

Figure 3.2: A sample of CT images from the dataset: (a) Normal, (b) COVID-19
and (c¢) Pneumonia.
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3.2 Data Preprocessing

Following data collection, the images are preprocessed using several preprocessing
techniques. These techniques could help with noise reduction and emphasizing sec-
tions of the image which will benefit during the model training. Image preprocessing
is an important task for getting a sufficient result [37].

The size of the CT images should be adjusted to match the input dimensions of
the CNN network, since various CNN models have varying input requirements. To
accommodate the input requirements of the CNN network architectures that used in
this research, all CT images are resized to (224 x 224) dimension before being used
as input to the CNN networks. Also, these CT images are normalized by multiplying
1/255 by each pixel of the input image; this will normalize the image pixels in the
range from 0 to 1 instead of 0 to 255.

Medical datasets are usually imbalanced due to limit of data for evaluating meth-
ods. The data distribution is very important during model training. In classification
problems, an imbalanced dataset might produce biased predictions, where a balanced
dataset can give better results. As shown in figure 3.3, the considered CT scan dataset
is imbalanced. To alleviate imbalanced data problem, an undersampling technique
was used by randomly removing instances of the majority classes to balance the data.

Resample is employed independently to Covid-19, Normal and Pneumonia.

8000 -
7000 -

s s

Number of Images

COVID-19 Pneumonia Normal

Classes

Figure 3.3: Dataset distribution.
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3.3 Data Splitting

The most common techniques for splitting the data are percentage split and k-fold
cross-validation. Percentage split is a simple way to split data into training, validation
and test sets. In this work, the percentage split technique is used with 70:10:20 split
ratio. From the total, 70% was used for training, 10% was used for validation, and
20% was used for testing. Training set is used for training the model, validation set is
used to evaluate the model during the training process, testing set is used to provide
an evaluation of the trained model. The same ratio of data splitting was used for
both imbalanced and balanced datasets. The details of data splitting for initial and
modified datasets are given in Table 3.2 and Table 3.3.

Type Training Set Validation Set Testing Set Total

Normal 4825 689 1379 6893
COVID-19 5315 759 1519 7593
Pneumonia 1833 262 523 2618

Table 3.2: Details of training, validation and testing set for the initial dataset.

Type Training Set Validation Set Testing Set Total

Normal 1750 250 500 2500
COVID-19 1750 250 500 2500
Pneumonia 1750 250 500 2500

Table 3.3: Details of training, validation and testing set for the modified dataset.

3.4 Model Selection

In this section, we present two different deep convolutional neural network (DCNN)
models namely, VGG-16 and DenseNet201. We also describe the model architec-
tures and transfer learning techniques used in these models for COVID-19 images

classification.
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3.4.1 VGG-16

VGG-16 is a convolutional neural network (CNN) architecture developed by Karen
Simonyan and Andrew Zisserman [38]. VGG-16 model is a powerful model for image
classification problema and is easy to use with a transfer learning approach. VGG-16
was used for ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in 2014
and trained on ImageNet dataset that contains 1.4 million images in 1,000 different

categories [38].

224 x224x3 224 x224 x 64

112x112 x 128

561x 56 x 256
28 x 28 x 512

TxT7Txb12
14x14x512 4,4 ,4006 1x1x1000

) Convolution + RelLU

Max Pooling
Fully Connected

Softmax

Figure 3.4: VGG-16 network architecture.

The architecture of VGG-16 is depicted in Figure 3.4. VGG-16 architecture con-
tains two convolution layers of (3 x 3) filter with a stride 1, followed by max-pooling
layer of (2 x 2) filter with a stride 2 repeated two times. Then, three convolution
layers of (3 x 3) filter with a stride 1, followed by max-pooling layer of (2 x 2) filter
with a stride 2 repeated three times. The combination of convolutional layers and
max-pooling layer is called a convolutional layer block. At the end of its architecture,
it has three fully connected (FC) layers.

The first two FC layers have 4096 units. The last FC layer has 1000 units with
SoftMax activation function. Between these layers, a Rectified Linear Unit (ReLU)

activation function is performed. The first convolution layer receives a (224 x 224)
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image with three- RGB channels as input. Figure 3.5 shows VGG-16 network layers.

Input
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Figure 3.5: VGG-16 network layers.

3.4.2 DenseNet201

Dense Convolutional Network (DenseNet) is one of the CNN networks used for image
classification [39]. DenseNet is composed of several dense convolutional blocks, and
each dense block contains several layers densely connected, as illustrated in Figure 3.7.
DenseNet is introduced as a solution for the vanishing gradient problem by adding
feed-forward connections between layers, so the feature maps from each preceding
layer are used as input into all next layers, as shown in Figure 3.6. According to the
connection in DenseNet, the network connects each layer in the dense block to other
subsequent layers in a feed-forward method. In other words, instead of a traditional
CNN where is only L connection between the previous layer and the current layer, in
DenseNet, there are L(L+1)/2 direct connections. In each dense block, a sequence of
batch normalization, ReLLU activation, and a (3 x 3) convolution is added, to reduce

the number of input feature maps.

Figure 3.6: A dense block representing direct connections between layers [39)].
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Transition layer is used to connect each dense block to the next. The transition
layer is composed of a batch normalization layer, a (1 x 1) convolutional layer, and
(2 x 2) average pooling layer. The transition layers with average pooling are used
each dense block, to perform down-sampling of the feature map from the previous

dense block.
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Figure 3.7: DenseNet with three dense blocks [39].

DenseNet has different architectures such as DenseNet121, DenseNet169, DenseNet201,
and DenseNet264. In this project, we used DenseNet201 to detect and classify
COVID-19 in CT images.

The DenseNet201 network architecture starts with a (7 x 7) convolution layer with
a stride of 2 followed by a (2 x 2) max-pooling layer with a stride of 2, and followed
by four dense blocks and three transition layers. The first dense block contains a (1
x 1) convolution and a (3 x 3) convolution repeated 6 times. The second dense block
contains a (1 x 1) convolution and a (3 x 3) convolution repeated 12 times. The
third dense block has the same layers as the second dense block, but is repeated 48
times. The fourth dense block has the same layers of dense blocks two and three, but
is repeated 32 times. The transition layers contain a (1 x 1) convolution layer and
a (2 x 2) average pooling layer with a stride of 2. Finally, the classification layers
consist of a (7 x 7) global average pooling layer and FC layer with SoftMax activation
function. The DenseNet201 network accepts images with (224 x 224) dimension as
input. The DenseNet201 has a small number of parameters and provides of the best
performances for image classification [40]. The architecture of DenseNet201 is shown

in Figure 3.8.
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Figure 3.8: The architecture of DenseNet201.

3.5 Transfer Learning on the Models

VGG-16 and DenseNet-201 networks are available in Keras applications and can be
used and instantiated [41].

First, the VGG-16 network is loaded with weights that pre-trained on ImageNet
dataset. After that, the entire convolutional layer blocks (i.e., from the first convo-
lutional layer to the last max-pooling layer) are frozen. Freezing preserves ImageNet
weights from being updated during the training phase. Then, the top layers are re-
moved (the last three FC layers) and replaced with additional new layers that fit
with the classes of our case to enhance the learning ability of the mode in COVID-19
image classification.

The first added layer was a FC layer 1 with 512 units and a ReLU activation
function. After the FC layer 1, a dropout layer was added next as a second layer with
drop rate of 0.5 to avoid overfitting and divergence. After that, FC layer 2 was added
with 256 units and the activation function ReLU. Finally, FC layer 3 was added as
an output layer with a SoftMax activation function. The number of outputs in the
last FC layer was equal to the number of classes, three in our case. This layer is used
to predict output images for three classes: COVID-19, Pneumonia and Normal.

Similarly, the DenseNet201 network was loaded with weights from the model that
pre-trained on ImageNet. Transfer learning was utilized by freezing the convolutional
base layers (i.e., from the first convolutional layer to the last dense layer block).
Moreover, the last layer was removed and replaced with additional new layers as
classification layers that fit with the classes and our dataset.

The first added layer was the batch normalization layer. After the batch normal-
ization layer, a FC layer 1 was added with 1024 units and ReLLU activation function.
A batch normalization layer was added after FC layer 1. After that, a dropout layer
was added with a dropout rate of 0.5. Then, a FC layer 2 was added with 512 units
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Layers Output Shape VGG-16
Conv x 2 224 x 224 x 64 3 x 3 conv, stride 1
Pool 112 x 112 x 64 2 X 2 max pool, stride 2
Conv x 2 112 x 112 x 128 3 x 3 conv, stride 1
Pool 56 x 56 x 128 2 X 2 max pool, stride 2
Conv x 3 56 x 56 x 256 3 x 3 conv, stride 1
Pool 28 x 28 x 256 2 X 2 max pool, stride 2
Conv x 3 28 x 28 x 512 3 x 3 conv, stride 1
Pool 14 x 14 x 512 2 x 2 max pool, stride 2
Conv x 3 14 x 14 x 512 3 x 3 conv, stride 1
Pool 7 x T x 512 2 X 2 max pool, stride 2
Flatten* 25088 25088
FC 1% 512 512 units, relu
Dropout* 512 50 percent
FC 2* 256 256 units, relu
FC 3* 3 3 category, softmax

Table 3.4: VGG-16 architecture after introducing new layers.

and ReLU activation function. Another batch normalization layer was then added
after the FC layer 2. After the batch normalization layer, another dropout layer was
added with a dropout rate of 0.5. Finally, a FC layer 3 was added as an output layer
with SoftMax as an activation function. The number of outputs in the last FC layer
was equal to the number of classes, three in our case. This layer is used to predict
output images for three classes: COVID-19, Pneumonia and Normal.

The number and type of layers were chosen after studying different networks
and performing many different experiments. Table 3.4 shows the layer used in the
pre-trained VGG-16 model. From the table, all the base layers (i.e., from the first
convolutional layer to the last max-pooling layer) are used as the pre-trained layers
of the VGG-16 model. Table 3.5 shows the layer used in the pre-trained DensNet201
model. From the table, all the base layers (i.e., from the first convolutional to the last
dense block) are used as the pre-trained layers of the DensNet201 model. The symbol
(*) denotes the layers that were added to each model architecture for COVID-19

image classification.
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Layers Output Size DenseNet201
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
1 x1 conv
Dense Block (1) 56 x 56 x 6
3 X 3 conv
56 x 56 1 x 1 conv
Transition layer (1)
28 x 28 2 x 2 average pool, stride 2
1 x 1 conv
Dense Block (2) 28 x 28 x 12
3 X 3 conv
28 x 28 1 x 1 conv
Transition layer (2)
14 x 14 2 X 2 average pool, stride 2
1 x1 conv
Dense Block (3) 14 x 14 x 48
3 x 3 conv
14 x 14 1 x 1 conv
Transition layer (3)
7T x T 2 X 2 average pool, stride 2
1 x1 conv
Dense Block (4) 7TxT x 32
3 X 3 conv
Average Pooling* 1x1 7 x T global average pool
Batch Normalization™® 1920 -
FC 1* 1024 1024 units, relu
Batch Normalization™® 1024 -
Dropout* 1024 50 percent
FC 2% 512 512 units, relu
Batch Normalization™® 512 -
Dropout* 512 50 percent
FC 3* 3 3 category, softmax

Table 3.5: DensNet201 architecture after introducing new layers.
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3.6 Fine-tuning and Training the Models

A two-step process is used to train the VGG-16 and DenseNet201 models. In the first
step, we froze all pre-trained layers of the models and trained only the new layers in
TensorFlow for 5 epochs using an Adam [42] optimizer with a learning rate (LR) of
1073. This phase enhances the learning of the features in the considered dataset.

In the second step, to increase the performance of the models we fine-tuned and un-
froze the last pre-trained layers of the models (i.e., last convolutional layer block of the
pre-trained VGG-16 model and the last dense block of the pre-trained DenseNet201
model) and trained along with the new layers for further 20 epochs with Adam opti-
mizer and LR is reduced to 1075, The batch size of 128 is used in the training process.
In both phases of training, the activation function is ReLLU, the dropout rate is 0.5,
and the output layer is SoftMax. The cross entropy loss function is used to minimize
the loss. The adam optimizer is used to update the weights in the model based on
the loss. The number of trainable parameters and non-trainable parameters in the
models is given in Table 3.6. The hyper-parameters values used to train the models

are given in Table 3.7.

Parameters VGG-16 DenseNet201
Total Parameters 27,692.355 20,829.251
Trainable Parameters 25,956,867 3,609,475
Non-Trainable Parameters 1,735,488 17,219,776

Table 3.6: The trainable parameters and non-trainable parameters in the models.

Parameter Values
Learning rate 1073 —107°
Batch size 128
Activation function Softmax (Final Classification Layer)
Total Epochs 25
Optimizer Adam

Table 3.7: The hyper-parameters values used to train the models.
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The Learning Rate (LR) is a hyper-parameter that controls how quickly model
weights are adjusted. A lower LR may provide more accurate weights (up to conver-
gence), but it requires more computation time. A large LR may cause the model to
converge too rapidly [43]. The number of epochs is a hyper-parameter that defines the
number of times the learning algorithm is transported through the training dataset.

Batch size refers to the number of training examples utilized in each batch.
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Chapter 4
Experimental Results

In this chapter, we present the evaluation metrics used to evaluate the models perfor-
mance. We present several experiment results on the datasets. We also discuss the
performance results of the DCNN models.

The proposed work was implemented using Python programing language, Scikit-
learn libraries, Keras libraries, and TensorFlow frameworks. The pre-trained mod-
els used in this study were downloaded from the Keras application website [41].
The experiments were conducted on a Google Colaboratory platform with a Tesla
P100-PCIE 16 GB graphics card, an Intel(R) Xeon(R) CPU with a 2.20 GHz, 16 GB
of RAM, and a 256 GB hard disk.

4.1 Evaluation Metrics

Performance evaluation metrics are very important for evaluating the performance of
CNN models. The performance of each model on the test dataset is evaluated and
compared based on seven performance metrics: confusion matrix, accuracy, precision,
sensitivity (recall), Fl-score, area under the receiver operating characteristic curve
(AUC-ROC). The performance metrics used to evaluate the DL models are listed

below.

4.1.1 Confusion Matrix

The confusion matrix is a performance evaluation metric for classification algorithms.
The classification problems can be a binary or multi-class classification. The confusion

matrix provides the exact value for the four combinations, True Positive (TP), False
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Positive (FP), True Negative (TN), and False Negative (FN) by comparing the actual
target values with predicted values from the classification algorithm. It gives us a
holistic view about the performance of the classification model and the kinds of errors
it is making [44]. The sample confusion matrix of a binary classification problem is

shown in Figure 4.1.

e True Positive (TP): The predicted value was correctly predicted. The actual

value was positive, and the model predicted as positive.

e True Negative (TN): The predicted value was correctly predicted. The actual

value was negative, and the model predicted as negative.

e False Positive (FP): The predicted value was incorrectly predicted. The

actual value was negative, but the model predicted as positive.

e False Negative (FN): The predicted value was incorrectly predicted. The

actual value was positive, but the model predicted as negative.
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Figure 4.1:  Confusion matrix [44].

The accuracy, precision, sensitivity (recall), specificity (selectivity) and F1l-score

can be calculated using the confusion matrix as follows:

Accuracy: Accuracy is the number of correct predictions out of the total num-
ber of predictions and can be calculated by the sum of true positive and true negative
divided by the sum of true positive, true negative, false positive, and false negative

and is given by:
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TP+ TN
TP+TN+ FP+FN

(4.1)

Accuracy =

Recall: Recall gives the ratio of true positive to the sum of true positive and false
negative and is given by:
TP

= —— 4.
Recall TP FN (4.2)

Precision: Precision can be defined as the ratio of the true positive to the sum of
true positive and false positive and is given by:
TP

Precision = ————= 4.
recision = oo s (4.3)

Specificity: Specificity can be defined as the ratio of the true negative to the sum

of true negative and false positive and is given by:

TN

o (4.4)
TN + FP

Speci ficity =

F1-score: Fl-score can be defined as the harmonic mean of the recall and precision

2 x Recall x Precision
Fl— = 4.5
seore Recall + Precision (4.5)

For multi-class classification problems, the macro average and weighted average of
metrics can be used to evaluate the overall model performance. The macro average
is the average of the metric (i.e., accuracy, recall, precision, F1-score) over all classes,
while the weighted average is the average of the metric over classes weighted by
sample size. If each class has the same sample size, the macro average and the

weighted average are the same.

4.1.2 ROC Curve and AUC

The receiver operating characteristic curve (ROC) is a graph showing the performance

of a binary and multi-classification model. This curve plots the ratio of true positive
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rate (TPR) against false positive rate (FPR) at several classification thresholds, where
TPR is known as a recall, and FPR can be calculated as (1 - specificity). For a binary
classification model, the ROC curve would be a diagonal line from (0, 0) to (1, 1).
Any curve that is above the diagonal line means the classification model is better than
random, while a curve that is below the diagonal line indicates a bad classification
model, which is worse than random. A perfect binary classification model would yield
a straight line from (0, 1) to (1, 1), meaning 100% sensitivity and 100% specificity [45].

Area under curve (AUC) refers to the area under the ROC curve, which is a range
in value from 0 to 1. According to the ROC curve principle, the classification model
performs better when the AUC is larger. A model whose predictions are 100% wrong
has an AUC of 0, while a model whose predictions are 100% correct has an AUC of
1 [45]. An example of ROC curve and AUC are shown in Figure 4.2.

[

"etter

True Positive Rate

False Positive Rate 1

Figure 4.2: ROC curve and AUC: red line: a perfect classifier, blue curve: a good
classifier, yellow line: a random classifier, and shaded area: AUC for the good classi-

fier.

4.2 Performance of deep learning models on the

initial dataset

Initial (Imbalanced) dataset was used to analyze the training performance of the
DCNN models in terms of important parameters, i.e., training accuracy, validation
accuracy, training loss, and validation loss at different epochs. These parameters were
calculated and determined to estimate the overfitting of the trained models. Further-

more, confusion matrices for DCNN models were generated in order to calculate the
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performance metrics, i.e., accuracy, recall, precision, and F1-score. The performance
of VGG-16 and DenseNet201 models for the initial dataset were individually evaluated

and discussed in this section.

4.2.1 VGG-16 Results

VGG-16 was trained with the parameter values LR = 0.001 for first 5 epochs, LR =
0.0001 for further 20 epochs, batch size = 128, total epochs = 25 and Adam optimizer.
The computational time was around 30 min 12 s. After training the last layers of
VGG-16 for 5 epochs, the training and validation accuracy was between 0.90 and 0.92,
the training and validation loss was between 0.23 and 0.26. This result was further
improved upon by unfreezing all layers in VGG-16 network. After the model was
unfrozen and trained for further 20 epochs, the model achieved a training accuracy
of 0.998, validation accuracy of 0.985, training loss of 0.015, and validation loss of
0.047. The graphs of the learning curves of the VGG-16 are illustrated in Figure
4.3. As shown, the model achieved high performance with only 25 epochs. It can
be shown that the validation loss was low and slightly higher than the training loss,

which means the model fits well on the dataset.
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Figure 4.3: Learning curves of the VGG-16: (a) training and validation accuracy
(b) training and validation loss.

The confusion matrix was obtained using the testing dataset that contains 3421
images of COVID-19, Pneumonia and normal samples. The confusion matrix of VGG-
16 model is shown in Figure 4.4. Labels are shown Normal class, COVID-19 class,

and Pneumonia, respectively. The blocks located on the diameter of the matrix show
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how well each class is distinguished. The confusion matrix shows that VGG-16 model
is correct in 3368 images out of 3421 images, 31 images of COVID-19 incorrectly
predicted as Normal, one image of COVID-19 incorrectly predicted as Pneumonia,

and 21 images of Normal incorrectly wrongly predicted as COVID-19.
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Figure 4.4: VGG-16 Confusion matrix.

Table 4.1 gives the test results of VGG-16 model. The table shows that VGG-16
model achieves an average accuracy of 98.45%, precision of 98.72%, recall of 98.47%,
and Fl-score of 0.98.74%. Normal has precision, recall, and Fl-score of 97.76%,
98.47%, and 98.1%, respectively. COVID-19 has precision, recall, and Fl-score of
98.6%, 97.89%, and 98.23%, respectively. Pneumonia has precision, recall, and F1-
score of 99.8%, 100%, and 99.89%, respectively.

Figure 4.5 shows the ROC curves and AUC scores for the VGG-16 model. The
probability measurements of the true positive rate against the false positive rate show
the distinguishability among classes. The more area under the ROC curve is the more
the ability of the model to show the sensitivity to distinguish the classes correctly.
For Normal class, the AUC score is 0.9984, 9984 for COVID-19 class, and 1.0000 for

Pneumonia class.
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Label Accuracy Precision Recall Fl-score Support
Normal 0.9776 0.9847  0.9810 1379
COVID-19 0.9860 0.9789  0.9823 1519
Pneumonia 0.9980 1.0000  0.9989 523
Macro average 0.9845 0.9872 0.9878  0.9874 3421
Weighted average 0.9845 0.9844 0.9844  0.9883 3421

Table 4.1: Performance of VGG-16 on the initial dataset.
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Figure 4.5: ROC curve and AUC score for VGG-16.

4.2.2 DenseNet201 Results

DenseNet201 was trained for 25 epochs with the parameter values LR = 0.001 for 5
ephocs, decreased to 0.0001 for further 20 epochs, batch size = 128 and Adam opti-
mizer. The computational time was around 28 min 30 s. After running DenseNet201
network on training and validation datasets for 5 epochs, the training accuracy was
0.953, validation 0.94, the training loss was 0.122 and the validation loss 0.153. These
results were further improved at 25 epochs. The training accuracy and validation ac-
curacy were increased to 0.989 and 0.969, the training loss was dropped to 0.033, and
the validation loss to 0.076. The graphs of training accuracy and validation accuracy
vs. training loss and validation loss are illustrated in Figure 4.6. It is observed that

the model is good fit on the data and not suffered from overfitting.
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Figure 4.6: Learning curves of the DenseNet201: (a) training and validation accuracy
(b) training and validation loss.

Figure 4.7 shows confusion matrix of the DenseNet201 model. The confusion ma-
trix shows that the DenseNet201 model correctly classifies 3318 images out of 3421
images. However, 67 images of COVID-19 are wrongly classified as Normal, and
three images infected with COVID19 are wrongly classified as Pneumonia. On the
other hand, 27 images of Normal are misclassified as COVID-19, one image of Normal

is misclassified as Pneumonia, and five images of Pneumonia are misclassified as a

COVID-19.
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Figure 4.7: DenseNet201 Confusion matrix.



Table 4.2 gives the test results of DenseNet201 model.
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The table shows that

DenseNet201 model achieves an average accuracy of 96.98%, precision of 97.44%,

recall of 97.46%, and Fl-score of 97.43%. Normal has precision, recall, and F1-score
of 95.27%, 97.96%, and 96.59%, respectively. COVID-19 has precision, recall, and F1-
score of 97.83%, 95.39%, and 96.59%, respectively. Pneumonia has precision, recall,
and F1l-score of 99.23%, 99.04%, and 99.13%, respectively.

Label Accuracy Precision Recall Fl-score Support
Normal 0.9527 0.9796  0.9659 1379
COVID-19 0.9783 0.9539  0.9659 1519
Pneumonia 0.9923 0.9904 0.9913 523
Macro average 0.9698 0.9744 0.9746  0.9743 3421
Weighted average 0.9698 0.9701 0.9698  0.9697 3421

Table 4.2: Performance of the DenseNet201 on the initial dataset.

ROC curves and AUC scores are generated to evaluate the model’s ability to

separate each class from other classes. The AUC score is 0.9949, the AUC score is
9947 for COVID-19 class, and the AUC score is 1.0000 for CAP class. Figure 4.8

shows three ROC curves and AUC scores for the DenseNet201 model.

Tue Positive Rate

Figure 4.8:

10

na

0&

0.4

0z

0o

ROC CURVE

"’t
t”
-~
‘_f"’ — ROC curve of Normal (AUC = 0.9949)
e ROC curve of COVID-19 (AUC = 0.9947)
e —— ROC curve of CAP (AUC = 1.0000)
00 02 04 06 08 10

False Positive Rate

ROC curve and AUC score for DenseNet201.



34

4.3 Performance of deep learning models on the

modified dataset

In this section, the evaluation results of the deep learning classification models on the
modified (balanced) dataset were examined and explained in detail. Individually, the
performance of VGG-16 model and DenseNet201 model on the modified dataset was
evaluated based on performance metrics: i.e., accuracy, precision, recall, Fl-score,
and AUC score.

4.3.1 VGG-16 Results

VGG-16 was trained using the training set on the modified dataset with the parame-
ter values LR = 0.001 for first 5 epochs, LR = 0.0001 for further 20 epochs, batch size
= 128, total epochs = 25 and Adam optimizer. The computational time was around
13 min 50 s. After training the last layers of VGG-16 for 5 epochs, the training and
validation accuracy was between 0.94 and 0.96, the training and validation loss was
between 0.14 and 0.11. This result was increased at 25 epochs. At 25 epochs, the
model achieved a training accuracy of 0.9998, validation accuracy of 0.9925, training
loss of 0.0018, and validation loss of 0.015. The graphs of the learning curves of the
VGG-16 are illustrated in Figure 4.9. As shown, the model achieved high performance
at 22 epochs.

Training and Validation Accuracy Training and Validation Loss
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Figure 4.9: Learning curves of the VGG-16 on the modified dataset: (a) training
and validation accuracy (b) training and validation loss.
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Figure 4.10 shows the confusion matrix of VGG-16 model. The result was obtained
using the testing set on the modified dataset. Labels are shown Normal class, COVID-
19 class, and Pneumonia, respectively. As shown, the blocks on the diameter are
almost the same, which means the classes are classified more accurately when the
number of samples in each class is balanced. The confusion matrix shows that the
VGG-16 model correctly predicts 1491 images among a total of 1500 images. However,
three images of COVID-19 are wrongly classified as Normal, one image of COVID-19
is wrongly classified as Pneumonia, and five images of Normal are wrongly classified
as COVID-19. Therefore, from the total of 1500 test data, the VGG-16 wrongly

predicts only eight images.

500

Confusion Matrix

Mormal

Actual Class

CoVID-19

200

100

Pneumonia

COVID-19  Pneumonia
Predicted Class

MNormal

Figure 4.10: VGG-16 Confusion matrix for the modified dataset.

Table 4.3 summarizes the performance evaluation results of the VGG-16 model
on the modified dataset based on the accuracy, precision, recall, and F1l-score. This
shows that VGG-16 model achieves an average accuracy of 99.4%, with an average
precision, recall, and F1-score of 99.39%, 99.4%, and 99.39%, respectively. This result
shows that the VGG-16 in the modified dataset is performing better than the VGG-16
in the initial dataset for COVID-19 image classification.

Figure 4.11 shows the ROC curves and AUC scores for the VGG-16 model on the
modified dataset. It shows the ROC curves for the three classes. From the ROC
curve, it can be seen that the AUC score is 0.9998 for Normal class, the AUC score
is 0.9997 for COVID-19 class, and the score is 0.9999 for Pneumonia class.
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Label Accuracy Precision Recall Fl-score Support
Normal 0.9939 0.9900 0.9919 500
COVID-19 0.9900 0.9920  0.9909 200
Pneumonia 0.9980 1.0000  0.9989 500
Macro average 0.9940 0.9939 0.9940  0.9939 1500
Weighted average 0.9940 0.9939 0.9940  0.9939 1500

Table 4.3: Performance of the VGG-16 on the modified dataset.
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Figure 4.11: ROC curve and AUC score for VGG-16 on the modified dataset.

4.3.2 DenseNet201 Results

DenseNet201 was trained using the training set on modified dataset for 25 epochs
with the parameter values LR = 0.001 for 5 ephocs, decreased to 0.0001 for further 20

epochs, batch size = 128 and Adam optimizer. The computational time was around

13 min 35 s. After running DenseNet201 for 5 epochs, the training accuracy was
0.975, validation was 0.974, and the training loss was 0.0623 and the validation loss
0.0782. At 25 epochs, the training accuracy and validation accuracy were increased
to 0.9945 and 0.9906, the training loss was dropped to 0.014, and the validation loss

was dropped to 0.038. The graphs of training accuracy and validation accuracy vs.

training loss and validation loss are illustrated in Figure 4.12.
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Figure 4.12:  Learning curves of the DenseNet201 on the modified dataset: (a)
training and validation accuracy (b) training and validation loss.

Figure 4.13 shows the confusion matrix for the DenseNet201 model on modified
dataset. The blocks on the diameter are almost the same. This confirms the effective-
ness of the balanced dataset compared with the initial dataset. The confusion matrix
shows that the DenseNet201 model wrongly predicts 13 images out of 1500 images;
four images of COVID-19 are misclassified as Normal, and one image of COVID-
19 is misclassified as Pneumonia. On the other hand, seven images of Normal are
misclassified as COVID-19, and one image of Normal is misclassified as Pneumonia.
Therefore, the VGG-16 correctly predicts 1487 from the total of 1500 test data.
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Figure 4.13: DenseNet201 Confusion matrix for the modified dataset.
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Table 4.4 summarizes the performance evaluation results of DenseNet201 model
on the modified dataset. This shows that DenseNet201 model achieves an average
accuracy of 99.13%, with an average precision, recall, and F1-score of 99.13%, 99.13%,
and 99.12%, respectively. This result proves that the DenseNet201 in the modified

dataset is superior to the DenseNet201 in the initial dataset.

Label Accuracy Precision Recall Fl-score Support
Normal 0.9919 0.9840  0.9879 500
COVID-19 0.9860 0.9900  0.9879 500
Pneumonia 0.9960 1.0000  0.9979 500
Macro average 0.9913 0.9913 0.9913  0.9912 1500
Weighted average 0.9913 0.9913 0.9913  0.9912 1500

Table 4.4: Performance of the DenseNet201 on the modified dataset.

Figure 4.14 shows the ROC curves and AUC scores for the DenseNet201 model
on modified dataset. It shows the ROC curves for each class. it can be seen that
the AUC score for Normal class is 0.9991, for COVID-19 class is 0.9992, and for
Pneumonia is 0.9997. These scores also prove that the DenseNet201 in modified
dataset is performing better than the DenseNet201 in initial dataset.
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Figure 4.14: ROC curve and AUC score for DenseNet201 on the modified dataset.
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4.4 Discussion and Comparison

In this section, the performance results of DCNN models for initial and balanced
datasets were compared.

For the initial dataset, VGG-16 model performed better than DesneNet201 model
in terms of accuracy, precision, recall, and F1l-score. However, in terms of compu-
tational time, DesneNet201 model required approximately 1710 s, whereas VGG-16
model required approximately 1812 s. Table 3.6 shows that the DesneNet201 model
has fewer trainable parameters; hence it takes less time to train than the VGG-16
model. The average accuracy, precision, recall, and Fl-score of 98.45%, 98.72%,
98.47%, and 98.74% for VGG-16 model and 96.98%, 97.44%, 97.46%, 97.43% for the
DesneNet201 model (Table 4.1) and (Table 4.2).

For the modified dataset, VGG-16 model had the best performance in terms of
accuracy, precision, recall, and Fl-score. The average accuracy, precision, recall,
and Fl-score were 99.4%, 99.39%, 99.4% and 99.39% for VGG-16 model (Table 4.3).
However, DenseNet201 model obtained good results in terms of computational time,
where it only required 815 s. The average accuracy of DenseNet201 model was 99.13%,
with average precision, recall, and F1-score of 99.13%, 99.13%, and 99.12% (Table
4.14).

Overall, VGG-16 model performed better than DesneNet201 model in terms of ac-
curacy, precision, recall, and F1-measure with both imbalanced and balanced datasets.
However, DesneNet201 model was faster than VGG-16 model in terms of execution
time. The results discussed above are given in Table 4.5, which shows how VGG-16

and DesneNet201 were improved.

Model Accuracy  Precision Recall F1l-score
DesneNet201-Initial 96.98% 97.44% 97.46%  97.43%
VGG16-Initial 98.45% 98.72% 98.47%  98.74%
DesneNet201- Modified — 99.13% 99.13% 99.13%  99.12%
VGG16- Modified 99.40% 99.39% 99.40%  99.39%

Table 4.5: Performance comparison of VGG-16 and DesneNet201.
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We also compared the results of our suggested method with other methods that
used the same dataset created and collected by Maftouni et al [36]. Table 4.6 shows

the performance of our proposed VGG-16 and DenseNet201 models compared with

other deep learning models. It is obvious from the table below that the proposed

VGG-16 model achieved better results compared with the reported results from the

literature in terms of accuracy, precision , recall, and F1-score. In addition, the pro-

posed model was trained on a balanced dataset including the same number of images,

making it more robust and easier to tackle this pandemic in the near future.

Model Accuracy Precision Recall F1l-score
Ense with FC [36] 95.07% 98.32% 89.84%  93.89%
Ense with FC + SVM [36]  95.31% 97.93% 90.80%  94.23%
LACNN [46] 98.3% 98.7% 98.5% 98.6%
LACNN_CBAM [46] 98.93% 99.15% 99.16%  99.15%
Proposed DesneNet201 99.13% 99.13% 99.13%  99.12%
Proposed VGG-16 99.40% 99.39% 99.40%  99.39%

Table 4.6: Comparison of proposed models with other deep learning models.
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Chapter 5
Conclusions

A deep convolution neural network based framework was employed in this project
for the detection and classification of COVID-19 using chest CT radiography images.
Two pre-trained models i.e., VGG-16 and DenseNet201 based on transfer learning
technique with fine-tuning were trained and tested on multi-class COVID-19 CT
images dataset that contained COVID-19, Pneumonia, and Normal cases. Under-
sampling technique was used to create a balanced dataset. Various experiments were
performed to evaluate the performance of the pre-trained models using evaluation
metrics, i.e., confusion matrix, accuracy, recall, precision, Fl-score, and AUC. Exper-
iments results suggested the effectiveness of the balanced dataset in achieving better
results compared with the imbalanced dataset. The results show that the most ac-
curate model was VGG-16 model. It achieved average accuracy, recall, precision,
F1-score, and AUC score of 99.4%, 99.39%, 99.4%, 99.39%, and 99.93%, respectively.
Furthermore, DenseNet201 model achieved average accuracy, recall, precision, F1-
score, and AUC score of 99.13%, 99.13%, 99.13%, 99.12%, and 99.93%, respectively.
The proposed models have fewer parameters and low complexity compared to other
deep learning models. The experiment results of the proposed method show that it
is superior to the existing deep learning methods. We believe that the models pro-
posed in this research can help healthcare professionals and physicians to diagnose
COVID-19 disease effectively in practice.
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5.1 Future Work

For future work, other datasets can be used to evaluate the performance of the CNN
models. Different hyper-parameters such as optimizer, learning rate, activation func-
tions, batch size, and dropout value can be utilised for further analysis. For data
balancing, other techniques such as oversampling technique and Synthetic Minor-
ity Oversampling Technique (SMOTE) can be used to generate a balanced dataset.
Instead of using a percentage split, K-fold cross-validation can be employed to ob-
tain training, validation and testing sets. Other DL methods can also be used for

evaluation and the results compared to those in this report.
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