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Abstract: Background/Objectives: In order to prevent the transmission rate of COVID-19, early
diagnosis with high accuracy is essential. The aim of this study is to identify the disease using
convolutional neural network (CNN) architectures that allow accurate and rapid diagnosis of
COVID-19 pneumonia on computed tomography (CT) images and to evaluate the classification
success of the architectures by comparing their classification success with various performance
metrics. Methods: In the study dataset, a total of 15584 lung CT slices were obtained, 8395 slices from
361 positive cases and 7189 slices from 134 negative cases, selected in accordance with the study
criteria, with RT-PCR test results and CT scans. The dataset were analysed using fine-tuned
DenseNet169, MobileNetV2, ResNet50, InceptionResNetV2, InceptionV3, VGG16, VGG19, Xception,
DenseNet121, DenseNet201 and ResNet101. Accuracy, sensitivity, specificity, precision, F1 score,
ROC curve and AUC were used for performance evaluation. Results: In the SARS-CoV-2 CT scan
dataset and the study dataset, the highest performance metrics were obtained from the fine-tuned
DenseNet201 with accuracy of 99.19%, sensitivity of 98.65%, specificity of 99.64%, precision of 99.55%,
F1 score of 99.10%, AUC of 99.14%, and accuracy of 99.13%, sensitivity of 99.86%, specificity of
98.52%, precision of 98.28%, F1 score of 99.07%, AUC of 99.19%, respectively. The other highest
accuracies for the study dataset were 97.47% with fine-tuned DenseNet169 and 97.85% with fine-
tuned DenseNet121. Conclusions: As a result, the fine-tuned DenseNet201 proposed in this study
shows a promising performance on lung CT images and two different datasets.

Keywords: COVID-19; deep learning; convolutional neural networks; image classification; computed
tomography

1. Introduction

The COVID-19 pandemic, which is known to have emerged in Wuhan, China in December 2019,
has affected the lives of millions of people, caused difficulties in their daily lives and caused serious
damage to the economies of many countries around the world. At the same time, it has caused
millions of deaths and imposed a great burden and hardship on health centres, health services and
health personnel. Therefore, timely and cost-effective screening of affected patients is crucial to
struggle this disease. Due to the rapid spread of this highly infectious disease worldwide, it has
become necessary to make early diagnosis with high accuracy in order to prevent the transmission
rate. SARS-CoV-2, which causes COVID-19, is a highly contagious virus that affects the respiratory
system. The most common symptoms with COVID-19 are fever, cough, fatigue and shortness of
breath. The disease can progress to involve the lower respiratory system, causing severe
inflammation in the lungs and leading to pneumonia [1,2]. The standard diagnostic method used is
real-time polymerase chain reaction (RT-PCR) in the form of a throat swab [3]. RT-PCR has a
sensitivity ranging from 42% to 71% and can give false negative results. Studies have shown that X-
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ray and computed tomography (CT) findings of COVID-19 include bilateral pulmonary parenchymal
ground glass and consolidative pulmonary opacities with peripheral lung distribution. In contrast to
RT-PCR, lung CT scans have shown a sensitivity of approximately 56%-98% in diagnosing COVID-
19 [4].

According to the results of some studies on the available RT-PCR test, it was noted that there
were patients with negative RT-PCR test results who were found to be positive by X-ray and
computed tomography (CT) scan results. X-ray and CT reports revealed pulmonary irregularities
inconsistent with COVID-19 patients with negative RT-PCR test results. Therefore, since RT-PCR
testing is a time-consuming procedure and lacks sensitivity and consistency, X-ray and CT scanning
can be considered as complementary methods to detect infection by the deadly virus [5]. As it is
known, the ground-glass appearance and tissue changes seen in the lung are seen in almost all
COVID-19 patients and can be easily recognised by X-ray and CT imaging. These features are also
observed in patients with negative RT-PCR results but clinical symptoms. X-ray and CT imaging
modalities are powerful tools in modern medical imaging that can help doctors diagnose a variety of
conditions. These medical imaging tools help expert radiologists diagnose lung disorders without
cutting into the body. CT and X-ray imaging methods are considered among the most effective
techniques especially for the diagnosis of COVID-19. Thorax CT scanning is preferred over X-ray due
to its versatility and three-dimensional pulmonary view [6-9]. In this context, it is very important and
necessary to use deep learning-based rapid diagnosis systems over CT images. With the studies
carried out, early diagnosis and rapid treatment solutions of COVID-19 disease have been further
developed, providing clinicians with a more objective interpretation [10].

In this study, it is aimed to determine the disease by using pre-trained convolutional neural
networks (CNN) architectures, which are among the deep learning methods widely used in the field
of health, which achieve successful results in large-scale image recognition-medical image processing
with their multi-layered structure, reaching high accuracy values by enabling accurate diagnosis of
COVID-19 pneumonia, and to evaluate the architectures by comparing their classification success
with various performance metrics

1.1. Related Work

To enable rapid and efficient clinical diagnosis of COVID-19, medical image analysis based on
deep learning has become a hot topic. In recent years, various deep learning methods have been
explored to screen COVID-19 from X-ray and computed tomography (CT) images [11]. Deep
learning-based CNNs have achieved good performance in medical image classification tasks from
lung CT images. CNN diagnostics have become more important with the spread of COVID-19
worldwide [12]. In the literature, there are various studies on the use of CNNs in diagnosing COVID-
19 through medical images.

Ardakani et al. [13] examined AlexNet, VGG16, VGG19, SqueezeNet, GoogleNet, MobileNetV2,
ResNet18, ResNet50, ResNet101 and Xception architectures for COVID-19 diagnosis from CT images.
The dataset consists of a total of 1020 CT samples as COVID-19 and non-COVID-19. They achieved
over accuracy of 90% with MobileNetV2, ResNet50, ResNet18, ResNet101 and Xception. ResNet101
architecture showed the best performance with accuracy of 99.63%. Apostolopoulos and Mpesiana
[14] evaluated pre-trained VGG19, MobileNetV2, Inception, Xception and InceptionResNetV2
architectures on two datasets for automatic diagnosis of COVID-19 cases. They achieved the highest
performance with accuracy of 96.78% for the second dataset using MobileNetV2. Horry et al. [15]
worked with X-ray images and used VGG19, Inception, Xception and ResNet architectures. The
dataset consists of 100 COVID-19 cases, 100 pneumonia cases and 200 healthy cases. They
considered precision, recall and F1 score as performance metrics. As aresult, in their study for three-
class data, they obtained the highest performance with accuracy of 83% from the VGG19 architecture.
Punn and Agarwal [16] developed an automated COVID-19 diagnosis system with X-ray images
using ResNet, InceptionV2, InceptionResNetV2, DenseNet169 and NASNetLarge architectures. They
analysed 6 scenarios in terms of fine-tuning transfer learning. They considered a total of 1076 X-ray
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images for the experiments. As a result of their work, the best performance metrics they achieved
with InceptionResNetV2 and DenseNet169 were accuracy of 95%. The NasNetLarge architecture
showed the best performance for the whole study with an accuracy of 98%. Narin et al. [17] used a
total of 100 X-ray images, 50 from COVID-19 patients and 50 from healthy people, to detect patients
infected with COVID-19. They performed the analyses with ResNet50, ResNet101, ResNet152,
InceptionV3 and InceptionResNetV2 architectures. With InceptionV3, ResNet50 and
InceptionResNetV2 architectures, they achieved an average accuracy of 95.4%, 96.1% and 94.2%,
respectively. Asif et al. [18] used a combined dataset containing a total of 2541 X-ray images from two
different sources. They performed performance evaluation using InceptionV3, Xception,
MobileNetV2, NasNet and DenseNet201 architectures for COVID-19 diagnosis. Each of the
architectures they used performed over 90%. MobileNetV2 with accuracy of 99.37% and DenseNet201
with accuracy of 99.21% showed the highest performances. Keerthana et al. [19] aimed to develop an
inductive parameter transfer learning-based approach for COVID-19 and normal diagnoses from CT
images. In their proposed approach, they performed feature extraction by taking DenseNet201,
InceptionV3, Xception, VGG19 and ResNet50 as basic architectures and then fine-tuned them by
adding special layers. They used two different optimizers for parameter tuning (Adam, RMSprop)
and evaluated the results using two different datasets. They classified COVID-19 with precision of
92%, recall of 86%, F1 score of 89% for Xception architecture and precision of 95%, recall of 94%, F1
score of 94% for DenseNet201 architecture on Kaggle dataset using Adam optimizer. DenseNet201
architecture showed the highest performance with accuracy of 99.24% in binary classification with
fine-tuned architectures. Huang and Liao [20] used InceptionV3, ResNet50V2, Xception,
DenseNet121, MobileNetV2, EfficientNet-B0, EfficientNetV2 architectures with and without fine-
tuning on both X-ray and CT images in the diagnosis of COVID-19 and reported the results. On CT
images, they obtained accuracy of 93.46 + 0.80%, precision of 94.09 + 0.82%, recall of 94.06 + 0.90%, F1
score of 93.89 + 0.77% with the Xception architecture, and accuracy of 96.78 + 1.19%, precision of 96.43
+ 1.15%, recall of 96.52 + 1.28%, F1 score of 96.48 + 1.35% with the fine-tuned Xception architecture.
They obtained accuracy of 93.12 + 2.21%, precision of 93.11 + 2.25%, recall of 93.07 + 2.23%, F1 score
of 93.06 + 2.31% with DenseNet121 architecture and accuracy of 96.58 + 1.07%, precision of 96.59 +
1.02%, recall of 96.53 + 1.09%, F1 score of 96.48 + 1.18% with fine-tuned DenseNet121 architecture.
Kaur and Kaur [21] proposed a new fine-tuned pre-trained MobileNetV2 architecture for automatic
diagnosis of COVID-19 from lung CT images and used Xception, NasNetLarge, NasNetMobile,
DenseNet201, DenseNet121, DenseNetl69, InceptionV3, InceptionResNetV2 architectures for
comparisons. As a result of their analyses, they obtained accuracy values as 89.65% for Xception,
89.16% for NasNetLarge, 85.71% for NasNetMobile, 82.75% for DenseNet201, 79.80% for
DenseNet121, 86.66% for DenseNet169, 82.26% for InceptionV3 and 81.28% for InceptionResNetV2.
Malik et al. [22] aimed to classify nine different lung disorders, proposed four new CNN models and
compared their models with VGG19, ResNetl01, ResNet50, DenseNet121, EfficientNetBO,
DenseNet201 and InceptionV3 architectures. They evaluated the models on a dataset consisting of X-
ray, CT and cough sound. In the study, they achieved accuracy of 92.07+2.84% with VGG19, accuracy
of 93.17+2.42% with ResNet101, accuracy of 92.97+2.03% with ResNet50, accuracy of 93.39+2.01% with
DenseNet121, accuracy of 93.01+2.21% with EfficientNetB0, accuracy of 92.93+1.98% with
DenseNet201 and accuracy of 91.97+2.51% with InceptionV3. Kathamuthu et al. [23] used VGGI16,
VGG19, DenseNet121, InceptionV3, Xception and ResNet50 architectures for COVID-19 diagnosis
from lung CT images. While VGG16 showed the highest performance with accuracy of 98%, the
accuracy values for other architectures were obtained as follows: accuracy of 97.38% with
DenseNet121, accuracy of 93.36% with InceptionV3, accuracy of 81.29% with ResNet50, accuracy of
94.16% with Xception and accuracy of 96.38% with VGG19. Hossain et al. [24] used recursive feature
elimination, principal component analysis and linear discriminant analysis methods for feature
optimization in the diagnosis of COVID-19 using CT images by creating a feature vector through
feature fusion based on VGGI19 and ResNet50 architectures, and performed classification with
maximum voting ensemble classification. They obtained accuracy of 94.35%, specificity of 91.46%,
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sensitivity of 97.23%, precision of 92.01% using VGG19 as feature extractor and accuracy of 95.56%,
specificity of 92.19%, sensitivity of 99.56%, precision of 91.5% using ResNet50 as feature extractor.
Zolya vd. [25], using SARS-CoV-2 CT-scan dataset, examined lung CT images in two scenarios, one
binary (COVID-19 and non-COVID-19) and the other three-class classification with viral pneumonia
added as the third class, and evaluated their scenarios with MobileNetV1, ResNet50, DenseNet201,
VGG16 and VGG19 architectures using transfer learning method. In an in-depth analysis using the
CAM technique, they achieved accuracy of 97.44% for three-class classification by differentiating the
MobileNetV1 architecture. They obtained an accuracy of 94.67% with the DenseNet201 architecture.
With other architectures, they achieved accuracies above 90%. Joshi et al. [26] used transfer learning
method for COVID-19 diagnosis by combining SARS-CoV-2 CT-scan dataset and UCSD-AI4H
COVID CT scan datasets. In the study, they created a new model based on the VGG16 architecture
and achieved accuracy of 95%. Yousefpanah et al. [27] first designed a network called CT6-CNN and
developed two ensemble deep transfer learning models based on Xception, ResNet101, DenseNet169
and CT6-CNN for COVID-19 diagnosis from CT images. They evaluated the models on the SARS-
CoV-2 CT dataset. In the study, they achieved accuracy of 94.40% with Xception, accuracy of 92.23%
with ResNet101 and accuracy of 95.73% with DenseNet169.

2. Materials and Methods

2.1. Proposed Approach

Google Colaboratory was used to perform data analyses with the Python programming
language. The Python programming language was used together with TensorFlow and Keras
libraries. The architectures were run with Graphics Processing Unit (GPU) support. The dataset was
split 80%-20% as train-test. The ImageDataGenerator class of the TensorFlow and Keras library in
Python was used to use data augmentation for training the images. Different data preprocessing and
data augmentation methods were applied to the dataset and adjusted as follows: Rescale = 1/255.0;
Horizontal flip and Vertical flip = True; Zoom range, Width shift range and Height shift range = 0.2;
Rotation range = 20 — 360. The hyperparameter settings used in the analyses were as follows: Batch
size=32, Epoch=100, Minimum learning rate = 0.0001-0.000001, Dropout=(0.5). Adam and Adamax
methods were used for optimization. ReduceLROnPlateau, ModelCheckpoint and EarlyStopping
functions were used as callbacks during the training process. Learning curves for each architecture
were used to examine the behaviour of the CNN architectures used with respect to overfitting. In the
learning curves, the first graphs show the changes of the train-test accuracies during the training
process and the second graphs show the changes of the train-test losses during the training process.
The methodology used in this study is presented in the flowchart in Figure 1.

Training fine-tuned CNN

Architecture Classification
Lung CT Images - d Performance
Xception, COVID-19 evaluation
= Image prep: Iimage DenseNet201 Non-COVID-19
( [ DenseNet121 Accuracy
( @ T e D;n::‘r:elu;:s :ensn;irvrly
- Balanc - - esNet: T - pecificity
— Scaling "o ResNet50 Precision
VGG16 F1 Score
VGG19 AUC

InceptionV3
InceptionResNetV2
MobileNetv2

Test data

Figure 1. General representation of the study for diagnosing COVID-19.

In the use of deep learning models, the process starts with the reading of the data. After this,
algorithm studies are not started immediately. Firstly, the data must be made suitable for the
algorithms, and for this, the data pre-processing step must be performed [28]. This step aims to
improve the quality of the features present in the image dataset [29]. The impact of pre-processing
techniques on CNN frames is of great importance [30].
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Medical imaging data is often small in size as data collection and labeling of medical images is
a difficult and costly process. The small number of training process images hinders the feature
extraction of CNN models, resulting in poor performance. Data augmentation is an effective way to
overcome this problem [31]. In this study, various data augmentation approaches were used to
augment the data. Data augmentation by adding transformed samples to training data sets can
improve the performance and results of CNN algorithms. If the dataset used to train the model is
sufficiently large and balanced, more effective and precise results are obtained. The accuracy of the
results is increased by the use of image enhancement methods. In addition, data augmentation
methods are an effective method for diversifying datasets [32].

2.2. Datasets

2.2.1. SARS-COV-2 Ct-Scan Dataset

A prestudy was performed using the open source SARS-COV-2 Ct-Scan dataset accessed via
Kaggle. The dataset contains 2482 CT images of 120 patients, including 1252 CT slices of 60 patients
diagnosed with COVID-19 pneumonia and 1230 CT slices of 60 patients non-COVID-19. The data
were collected from real patients in hospitals in Sao Paulo, Brazil [33].

2.2.2. Study Dataset

In the study dataset, patients who applied to Ondokuz Mayis University Faculty of Medicine
Health Practice and Research Hospital with suspicion of COVID-19 between 01.01.2020 - 31.12.2021,
who were 18 years of age/ over 18 years of age, who had RT-PCR test, and who had at least one CT
scan in the Radiology Department were included. The confirmation of whether the applicants were
COVID-19 patients or not was done by RT-PCR test result. CT images with artefacts, inconclusive
diagnosis and poor quality were excluded from the study. In the dataset, lung CT images of 495
patients who were selected in accordance with the study criteria, had RT-PCR test results and had
CT scans were accessed. The Declaration of Helsinki was followed and ethical approval was obtained
for the study. In total, 361 of these patients were COVID-19 patients and 134 were non-COVID-19
patients. A total of 15584 lung CT slices were obtained, 8395 slices from 361 COVID-19 cases and 7189
slices from 134 non-COVID-19 cases. While the images were originally in DICOM format, they were
converted to png format. All CT examinations were performed on an 80-slice CT scanner (Aquilion
PRIME, Canon Medical Systems, Otawara, Japan). Unenhanced lung CT scans were obtained with a
low dose technique (mA; Automated exposure control, kV: 100, slice thickness: 1 mm) in the CT unit,
which was specifically located in an isolated area of the emergency department. After all images were
obtained, it was decided which slices to include or exclude in the presence of an expert radiologist
(10 years of experience). Examples of lung CT of COVID-19 and non-COVID-19 patients in the dataset
are given in Figure 2.

@) (b)

Figure 2. Sample images of two classes in the dataset, (a) COVID-19 cases, (b) non-COVID-19 cases.
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2.3. Convolutional Neural Networks

CNNs are deep learning methods that create feature maps that can extract local features such as
edges, sharp corners, shapes, gradients for classification problems by applying convolution between
input data and learnable filters (kernels) [34]. CNN is frequently used, especially for image data.
Artificial intelligence systems based on multilayer neural networks that can recognise, identify and
classify objects, as well as detect and segment objects in images. This network is specifically designed
to deal with a range of two-dimensional (2D) shapes and is frequently used in many other
applications such as visual identification, medical image analysis, image segmentation, natural
language processing. It is more effective than a normal artificial neural network as it can
automatically identify key elements from the input without the need for a human [35].

A CNN architecture is a multi-layered structure that provides multi-level hierarchical feature
learning. In the early layers of the CNN, simple features such as texture and shape can be extracted,
while in the deeper layers, more complex features can be extracted, which are combined to accurately
locate key elements [36]. A CNN architecture consists of a succession of several basic building blocks:
Convolution layer, pooling layer, fully connected layer and activation layer.

The convolution and pooling layers perform feature extraction, while the fully connected layer
passes the extracted features to the final output for classification. The convolution layer plays an
important role in CNN, which consists of a series of mathematical and specialised linear operations
(convolution operation, etc.). The pooling layer is added after the convolution layer to reduce the size
of the feature maps and parameters [37]. In digital images, pixel values are stored in an array of
numbers, while the kernel, a small grid of parameters and an optimisable feature extractor, is applied
to each image position. This process, which makes CNNs highly efficient in image processing, can
create a feature from anywhere in the image. As the output of one layer feeds the next layer, the
extracted features can become hierarchically and progressively more complex [38]. CNN layers and
general operation are given in Figure 3.

CONVOLUTION + ReLU

CONVOLUTION + ReLU

CONVOLUTION + ReLU FLATTEN

SOFTMAX
ﬁQ_\ F COVID-19
. NON
POOLING COVID-19
S e I
\ 7 a1}
\\ =4 /
\ / FULLY
7 CONNECTED
g * i -
g ~_ i
\.\\ - / B

FEATURE EXTRACTION CLABSIICATION

Figure 3. CNN layers and general operation.

The process of transforming input data into output through layers is called forward propagation,
and the process of optimizing parameters such as kernel etc. is called training. Through back-
propagation and gradient descent optimization algorithms, the difference between the outputs and
the actual labels is minimised. The performance of an architecture under specified kernels and
weights is calculated with a loss function using the forward propagation algorithm on the training
dataset. The kernels and weights are updated according to the loss by back propagation with the
gradient descent optimization algorithm [39]. A general CNN architecture and the training process
with forward propagation-back propagation algorithms are given in Figure 4.
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2.4. Transfer Learning

Transfer learning is an approach in which a pre-trained model is fine-tuned for a new task or
domain by utilising the knowledge acquired during initial training. This technique is particularly
useful in medical imaging where labelled datasets are often of limited size [40]. Transfer learning can
help overcome this limitation by transferring the learned parameters (i.e. weights) of CNN
architectures trained on a large dataset (e.g. ImageNet) for medical image analysis [41].

The main advantages of transfer learning are that it shortens the training time, provides better
performance for neural networks and can be used with a small number of data. Transfer learning
allows researchers in the field of medical imaging to achieve better performance on small data sets.
Transfer learning is divided into two types: cross-domain and cross-modal transfer learning,
depending on whether new data and existing data belong to the same domain. Cross-domain transfer
learning is a popular method for performing tasks in medical image analyses [42].

For the definition of transfer learning, two basic concepts must first be defined. Given a domain
D, where X is the feature space and P(X) is the marginal distribution, the domain can be
represented as in Equation 1:

D = {X,P(X)} 1)
With the domain definition, a task T is defined as in Equation 2:
T ={y,P(Y|X)} @)

Here y represents the label space and the function P(Y|X) can also be written as an n function,
predicting the corresponding label based on the feature space. Thus, a task description as in Equation
3 is obtained:

T ={y.n} ®)

For transfer learning, let Dy be a source domain with matching task Ty and Dy be a destination
domain with matching task Tr.If Ds; # Dy or Ty # Ty, transfer learning is a process that aims to learn

the target probability distribution estimation function 7y at Dr using the information learnt from
Dy and T; [43].
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3. Results

In order to decide on the architecture and performance measures to be used for the study dataset,
analysis was performed with the SARS-COV-2 Ct-Scan dataset. In the analysis, the classification of
the disease was performed with fine-tuned Xception, DenseNet201, DenseNet121, DenseNet169,
ResNet50, ResNetl01, VGG16, VGGI19, InceptionV3, InceptionResNetV2, MobileNetV2,
NasNetLarge and NasNetMobile architectures. The performance of the architectures was evaluated
using accuracy, sensitivity, specificity, precision, F1 score and AUC. Learning curves, confusion
matrices and ROC curves were obtained.

As a result of the study with SARS-COV-2 Ct-Scan dataset, the architecture with the highest
performance was determined as fine-tuned DenseNet201 with accuracy of 99.19%, sensitivity of
98.65%, specificity of 99.64%, precision of 99.55%, F1 score of 99.10% and AUC of 99.14%. Among the
architectures, fine-tuned ResNetl01 showed the lowest performance with accuracy of 42.25%,
sensitivity of 44.84%, specificity of 40.15%, precision of 37.88%, F1 score of 41.07% and AUC of
42.49%. The classification results for all fine-tuned architectures in the study are given in Table 1.

Table 1. Classification results of CNN architectures for the SARS-COV-2 Ct-Scan dataset.

Accuracy Sensitivity =~ Specificity = Precision F1 Score AUC

(%) (%) (%) (%) (%) (%)
Xception 96.78 97.76 95.99 95.20 96.46 96.87
DenseNet201 99.19 98.65 99.64 99.55 99.10 99.14
DenseNet121 96.58 99.10 94.53 93.64 96.30 96.81
DenseNet169 97.59 95.96 98.91 98.62 97.27 97.43
ResNet101 42.25 44.84 40.15 37.88 41.07 42.49
ResNet50 96.98 95.96 97.81 97.27 96.61 96.89
VGG16 96.78 95.52 97.81 97.26 96.38 96.66
VGG19 96.18 96.86 95.62 94.74 95.79 96.24
InceptionV3 96.98 97.31 96.72 96.02 96.66 97.01
InceptionResNetV2 94.57 96.41 93.07 91.88 94.09 94.74
MobileNetV2 98.19 98.21 98.18 97.77 97.99 98.19
NasNetLarge 45.47 100.00 1.09 45.14 62.20 50.55
NasNetMobile 59.76 99.55 27.37 52.73 68.94 63.46

In the study dataset used, the images were divided into two classes as COVID-19 and non-
COVID-19. Fine-tuned Xception, DenseNet201, DenseNet121, DenseNet169, ResNet101, ResNet50,
VGG16, VGG19, InceptionV3, InceptionResNetV2, MobileNetV2 architectures were used in the
classification. The architectures (fine-tuned ResNet101, NasNetLarge, NasNetMobile) that did not
work well with the SARS-COV-2 Ct-Scan dataset were newly fine-tuned, but NasNetLarge and
NasNetMobile, which still did not perform well, were not included in the study. The performance of
the architectures was evaluated using accuracy, sensitivity, specificity, precision, F1 score and AUC.
Learning curves, confusion matrices and ROC curves were obtained.
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The architecture with the highest performance was fine-tuned DenseNet201 with accuracy of
99.13%, sensitivity of 99.86%, specificity of 98.52%, precision of 98.28%, F1 score of 99.07% and AUC
of 99.19%, while the architecture with the lowest performance was fine-tuned VGG19 with accuracy
of 92.47%, sensitivity of 99.79%, specificity of 86.25%, precision of 86.03%, F1 score of 92.40% and
AUC of 93.02%. The performance measures obtained by different fine-tuned CNN architectures for
the study dataset are given in Table 2.

Table 2. Classification results of CNN architectures for the study dataset.

Accuracy Sensitivity Specificity Precision F1 Score AUC

(%) (%) (%) (%) (%) (%)

Xception 96.31 98.95 94.07 93.41 96.10 96.51
DenseNet201 99.13 99.86 98.52 98.28 99.07 99.19
DenseNet121 97.85 98.60 97.21 96.78 97.68 97.91
DenseNet169 97.47 98.88 96.27 95.74 97.29 97.57
ResNet101 94.58 98.60 91.17 90.45 94.35 94.89
ResNet50 95.38 93.72 96.80 96.13 94.91 95.26
VGG16 97.27 95.39 98.87 98.63 96.98 97.13
VGG19 92.47 99.79 86.25 86.03 92.40 93.02
InceptionV3 96.09 96.75 95.49 95.08 95.91 96.12
InceptionResNetV2 96.86 94.62 98.76 98.47 96.51 96.69
MobileNetV2 96.38 98.11 94.90 94.23 96.13 96.51

The model graph of the fine-tuned DenseNet201 architecture is given in Figure 5.
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Figure 5. Fine-tuned DenseNet201 architecture model graph.

The structure of the learning curves can be used to examine the behaviour of the architecture
and to suggest adjustments that can be made to improve training performance. The learning curves

for the training process of the fine-tuned DenseNet201 architecture for the SARS-COV-2 Ct-Scan
dataset are given in Figure 6.
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The learning curves of the fine-tuned DenseNet201 architecture for the study dataset are given

in Figure 7.
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Figure 7. Learning curves of the fine-tuned DenseNet201 architecture for the study dataset.

35

The confusion matrices of the fine-tuned DenseNet201 architecture for the SARS-COV-2 Ct-Scan
dataset and the study dataset are given in Figure 8.
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Figure 8. (a) Confusion matrix of fine-tuned DenseNet201 architecture for SARS-COV-2 Ct-Scan dataset, (b)

Confusion matrix of fine-tuned DenseNet201 architecture for the study dataset.
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The ROC curves of the fine-tuned DenseNet201 architecture for the SARS-COV-2 Ct-Scan
dataset and the study dataset are given in Figure 9.

ROC curve ROC curve
1.0 1.0

o e
o ©
<) =)
o ®
\

o
b
\

True positive rate
\
\
\
True positive rate
o
S
\

o
N
\
\
\
o
N

00 b7 — AUC = 0.9914 00 kL — AUC = 0.9919

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False positive rate False positive rate

(a) (b)

Figure 9. (a) ROC curve of fine-tuned DenseNet201 architecture for SARS-COV-2 Ct-Scan dataset, (b) ROC curve
of the fine-tuned DenseNet201 architecture for the study dataset.

4. Discussion

In this study, we present automatic methods that can be used for accurate and fast classification
of patients with COVID-19 pneumonia and non-COVID-19 from lung CT images using fine-tuned
CNN architectures.

In the study with the SARS-CoV-2 CT-scan dataset, good results were obtained with
performance metrics above 90% with all but three architectures that did not work well. When the
results obtained for the study dataset were evaluated, it was determined that all architectures
operated with performance metrics above 90%.

Comparing this study with the studies in the literature, it was observed that the results for the
DenseNet201 architecture were mostly higher or very close to the results in the literature with the
fine-tuning we performed on both the SARS-CoV-2 CT-scan dataset and the study dataset. The
reasons for this difference were interpreted as the use of different datasets, different fine-tuning,
hyperparameter adjustments, the balance of labelled data in the dataset and the effects of dataset
sizes on performance. All architectures used in the study are very successful in image classification
due to their deep layered structures and are frequently used in the literature. It can be said that the
results obtained may vary as a result of the hyperparameters determined and adjusted according to
the dataset, the nature of the problem, algorithm differences, random and independent separation of
the train-test dataset for each study. Although there are different results, it has beenproven in many
studies that CNN architectures, due to their deep structure, perform well in image classification tasks
with performance metrics above 90% and even reaching 100% with appropriate fine-tuning.

For future studies, it is planned to work with datasets with more diversity, i.e. more labels, to
split the train-test dataset in different ratios, to use different regularization methods, to make different
hyperparameter adjustments, to use different architectures and to fine-tuning them accordingly. In
addition, working with different medical data is among our future goals.

5. Conclusions

The results of the study showed that the CNN architectures used, the preprocessing methods
applied to the image, the fine-tuning and the selected classifiers significantly affected the
performance of the architectures. Deep learning provides accurate image classification without
manual feature extraction. In addition, the most important feature that affects the success of deep
CNN architectures is working with large datasets. Having more labelled training data and balanced
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dataset are the most important regulations affecting the success of deep learning methods. However,
high performance as a result of the training process can be an indicator of overfitting and can be easily
seen with learning curves. In order to reduce overfitting, the hyperparameters used when fine-tuning
the CNN architecture must be carefully chosen and appropriate regularization methods are
preferred. The most commonly used regularization method for this problem is to add a dropout layer
between layers. Batch normalization and data augmentation methods are also frequently used to
prevent overfitting. In addition, overfitting can be prevented with EarlyStopping,
ReduceLROnPlateau, ModelCheckpoint functions to be used in the analysis. While multilayer
architectures perform well on larger and more complex datasets, the risk of overfitting increases on
smaller datasets. In this study, in order to avoid overfitting, each method mentioned above was used
and the study dataset was kept large and balanced, and good results were obtained. When the results
are analysed, taking into account the structure of the learning curves, the training process with each
architecture went well and good results were obtained on the test dataset. As a result, it was
determined that the architectures used in this study have good generalization capabilities and can
respond to clinical problems in classifications made on image data. In addition, it was interpreted
that the dataset used is generalizable in terms of COVID-19 and can be easily used in applications. In
this study, it was revealed that the CNN method is an automatic decision mechanism that will help
decision makers in the diagnosis of COVID-19 pneumonia using CT images, and thus, the disease
can be diagnosed as soon as possible, treatment effectiveness can be increased, and the negativities
caused by the disease can be prevented. With the studies to be carried out on the use of CNN in
medical image analyses, the early diagnosis of COVID-19 pneumonia and other pneumonias will be
further developed, and the use of CNNs as primary systems to assist clinicians will become
widespread. For the diagnosis of COVID-19 pneumonia with radiological images, the use and
development of CNN architectures will enable faster image classification, even as soon as the image
is taken.
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