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Abstract: The modern scientific world continuously endeavors to battle and devise solutions for
newly arising pandemics. One such pandemic which has turned the world’s accustomed routine
upside down is COVID-19: it has devastated the world economy and destroyed around 45 million
lives, globally. Governments and scientists have been on the front line, striving towards the diagnosis
and engineering of a vaccination for the said virus. COVID-19 can be diagnosed using artificial
intelligence more accurately than traditional methods using chest X-rays. This research involves an
evaluation of the performance of deep learning models for COVID-19 diagnosis using chest X-ray
images from a dataset containing the largest number of COVID-19 images ever used in the literature,
according to the best of the authors’ knowledge. The size of the utilized dataset is about 4.25 times the
maximum COVID-19 chest X-ray image dataset used in the explored literature. Further, a CNN model
was developed, named the Custom-Model in this study, for evaluation against, and comparison to,
the state-of-the-art deep learning models. The intention was not to develop a new high-performing
deep learning model, but rather to evaluate the performance of deep learning models on a larger
COVID-19 chest X-ray image dataset. Moreover, Xception- and MobilNetV2- based models were
also used for evaluation purposes. The criteria for evaluation were based on accuracy, precision,
recall, F1 score, ROC curves, AUC, confusion matrix, and macro and weighted averages. Among
the deployed models, Xception was the top performer in terms of precision and accuracy, while the
MobileNetV2-based model could detect slightly more COVID-19 cases than Xception, and showed
slightly fewer false negatives, while giving far more false positives than the other models. Also,
the custom CNN model exceeds the MobileNetV2 model in terms of precision. The best accuracy,
precision, recall, and F1 score out of these three models were 94.2%, 99%, 95%, and 97%, respectively,
as shown by the Xception model. Finally, it was found that the overall accuracy in the current
evaluation was curtailed by approximately 2% compared with the average accuracy of previous
work on multi-class classification, while a very high precision value was observed, which is of high
scientific value.

Keywords: artificial Intelligence; chest X-ray; COVID-19; deep learning; convolutional neural networks;
lung opacity; mobilenetv2; transfer learning; Xception; pneumonia

1. Introduction

The world has been afflicted with a disastrous pandemic that has affected the popu-
lation of our planet on a very large scale and which was named COVID-19 by the World
Health Organization (WHO) in February 2020 [1]. The virus originated in Wuhan City
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in China and then spread throughout the entire globe with devastating effects, causing
around 45 million deaths in a period of just 1.7 years, as per the World Health Organization
report [2]. The number of victims of COVID-19 was about 0.22 billion across the world.
Recovery from the illness can take as long as several weeks to months, with long-term
effects causing organ damage [3,4]. Moreover, the patient must be placed in isolation
during that period to prevent the spread of COVID-19. This not only consumed lives, but
also hindered everyday office work, social and family routines, and paralyzed the world
economy [5,6]. Researchers battled this disease since its emergence, looking for efficient and
accurate detection methods, and uncovering solutions for its treatment, and vaccinations
for human immunization [7-9].

Artificial intelligence geared with high-performance computers induced hope in
medical science to diagnose diseases rapidly, which would otherwise take an enormous
amount of time, if relying only on medical science and well-qualified and highly skilled
doctors. In a study on breast cancer prediction, it was found that artificial intelligence
could predict cancer at a rate higher than a well-organized evaluation of a panel of eleven
pathologists. Hence, artificial intelligence would also help curtail medical costs incurred
before treatment in hospitals and clinics [10-18]. Radiographic images, CT scans and chest
X-rays show visual attributes exposing symptoms of COVID-19. The limited availability of
expert radiologists, however, creates a bottleneck in the manual diagnosis of COVID-19.
Therefore, the use of artificial intelligence should be, and already is, a viable source for the
detection of COVID-19 using radiographic images [19-21].

This study aims to deploy a deep learning network and existing known models in
convolutional neural networks, which are known to perform well on images, on a database
of chest X-rays for COVID-19 detection to determine a viable architecture for developing
a medical diagnosis system for accurate diagnosis of this virus. The study measured the
performance gains of deep learning models on the largest COVID-19 chest X-ray image
dataset, according to the best of the authors’ knowledge [22].

Our research experimentation and analysis are different from previous research work
in that they were performed on a larger database of chest X-ray images than used previously
in the literature. The datasets utilized in the literature include far fewer COVID-19 chest
X-ray images, ranging from 127 to 850 as per the authors reviewed in Section 2. This number
is considerably lower compared with the number of samples available for the other cases;
for example, in one study, the number of pneumonia cases exceeded 5000, while the number
of COVID-19 cases was only 415 [23]. Here, a considerably low number of COVID-19 chest
X-ray images and imbalance occurred. The study achieved the highest accuracy to date—as
per the covered literature—in which 237 COVID-19, 1338 normal, and 1336 viral pneumonia
cases were used; the authors specified that the number of COVID-19 cases was significantly
lower and the problem was that of a highly imbalanced classification [24]. Moreover, in
some cases in the literature, the authors balanced the classes by matching the number of
samples of other classes to those of the COVID-19 samples, thereby achieving the maximum
accuracy up to 99.90% using a very low number of chest X-ray test images; the total number
of samples for COVID-19 chest X-rays for training and testing of only 404 [25]. Due to the
limitations of past research work, the authors felt the need for a re-evaluation of the deep
learning models on a larger dataset of COVID-19 chest X-ray images and the current study
was implemented due to the availability of a database containing 3616 COVID-19 chest
X-ray images, the highest ever worked upon, to the best of the authors’ knowledge.

The main aim of the subject research work is the performance evaluation of deep
learning models on a dataset with the largest number of COVID-19 images ever used, to
the best of the authors’” knowledge, to see the improvements in the performance metrics.
The subject study addresses a major gap in research on COVID-19 detection and, in doing
so, makes the following contributions:
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e To the best of our knowledge, this study is the first that benchmarks deep learning
models on the largest COVID-19 dataset.

e In this study, we developed a custom CNN model for benchmarking on the sub-
ject dataset.

e  The custom CNN model outperformed MobileNetV2 in terms of precision, which is of
high scientific value.

e  The current study includes a detailed and comprehensive evaluation of the perfor-
mance involving several performance metrics to observe the impact of increasing the
COVID-19 dataset on the research work.

The subsequent sections include related work in Section 2, while Section 3, Methodol-
ogy, describes the dataset and deep learning models utilized for the purpose of evaluation,
as well as the experimental setup and evaluation metrics for benchmarking. Next, in
Section 4, results are described with graphical elaborations. Finally, Sections 5 and 6 include
discussion, conclusion, and limitations and future work.

2. Related Work

The current section presents a considerable amount of work, found in the literature,
that explores the role of artificial intelligence in the automated diagnosis of COVID-19
using chest X-ray images, and distinguishing it from pneumonia and healthy cases.

A deep learning framework was developed, termed COVID-CheXNet that could
detect COVID-19 using chest X-rays [26]. First, image pre-processing, using contrast-
limited adaptive histogram equalization and a Butterworth Band-pass filter. Following this,
two parallel deep learning networks were applied, one of which was ResNet34 and the
other comprised the high-resolution network, HRNet. The image enhancement module
consisted of applying the adaptive contrast enhancement method using CLAHE. The
CLAHE method enhances the contrast and edges of the image. Moreover, a Butterworth
filter was applied for noise reduction. The train-test distribution of the dataset was 70% to
30%. The ResNet model [27] was pre-trained on ImageNet, while the HRNet model was
trained on the subject dataset. The two models, HRNet and Resnet34, combined score-level
fusion and decision-level fusion. Using WSR in the score-level fusion, the best results were
obtained with an accuracy of 99.99%, specificity of 100%, precision of 100%, F1-score of
99.99%, MSE of 0.011%, and RMSE of 0.012%, where WSR represents the Weighted Sum
Rule in which weights are assigned to the individual scores and can be adjusted related to
the performance of the individual level performance to obtain overall optimal performance.

A computer-aided diagnosis (CAD) scheme was developed that involved several im-
age pre-processing algorithms: removing diaphragms from the X-ray images, normalizing
the contrast-to-noise ratio of the image, generating three different images from the input
dataset, and feeding them to VGG16 CNN. The test set and train set had a ratio of 90:10.
The images were converted to binary form, followed by morphological operations and
the higher intensity component; the diaphragm region was removed from the images.
Before feeding the images to the CNN, three different images were generated after di-
aphragm removal. The first image was generated by applying bilateral filtering to remove
the noise. To generate the second image, the histogram equation method was applied,
normalizing the image, and thereby enhancing lung tissue patterns and characteristics
concerning COVID-19. The last image was fed to the network as it was. The three images
were resized to 224 x 224 pixels and given as inputs to the VGG16 model. The top layer
of VGG16 was removed and two FC layers were added with 256 and 128 nodes using
ReLU. Finally, a classification layer, Softmax, was added. The accuracy obtained was 94% in
classifying three classes and the accuracy of diagnosing COVID-19 was 98.6%. The model
was compiled with a batch size of 4, maximum epochs of 200, and an initial learning rate of
10~2; with loss value [28].

An automated deep learning method was developed for an early diagnosis of COVID-19
from chest X-ray images using transfer learning. The models tested for evaluation were
Inception—ResNetV2, InceptionNetV3 and NASNetLarge. The training and test dataset
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ratio was 80:20. InceptionNetV3 gave the best performance with accuracies of 98.63%
and 99.02% with and without using data augmentation on the training data. Inception—
ResNetV2 and InceptionNetV3 were equal and produced the highest accuracy of 97.87%
with data augmentation, while NASNetLarge exceeded in performance without a data
augmentation strategy, obtaining an accuracy of 94.87% [29].

An approach for COVID-19 detection using radiography images and comprising three
phases was proposed. The first phase detected the presence of pneumonia, while the second
phase differentiated between COVID-19 and pneumonia. The third phase localized the
areas generating a map where COVID-19 was present. The authors employed the VGG16
model using pre-trained weights on ImageNet; they froze the FC layer head and added
new layers, namely, AveragePooling?D, flatten, dense, dropout, and a dense layer using
the Softmax function. Data augmentation was applied by rotating the image by 15 degrees
clockwise or counterclockwise. The authors used the gradient-weighted class activation
mapping (Grad-CAM) algorithm to visualize the areas infected with COVID-19. Grad-
CAM works by looking into the final convolutional layer and then examining the gradient
information flowing into that layer, thereby generating a heatmap. A cross-validation
technique was employed by the authors. The experiments were performed on a dataset of
6523 X-ray images, achieving an average accuracy of 97% [30].

A study [31] involving feature extraction using deep learning and transfer learning,
while feeding the features into an SVM classifier to classify the COVID-19 and normal cases
was performed. The dataset contained 180 COVID-19 and 200 normal cases. The deep
learning models used were ResNet18, ResNet50, ResNet101, VGG16, and VGG19 [32]; dif-
ferent SVM kernel functions namely, linear, quadratic, cubic, and Gaussian were employed.
The ResNet50 with the linear kernel function on SVM produced the best results, with an
accuracy of 94.7%. Also, a customized CNN model was applied with end-to-end training
on the dataset, producing an accuracy of 91.6%, and a fine-tuned ResNet50 model achieved
an average accuracy of 92.6%. Following this, the authors deployed SVM on local texture
descriptors, which achieved lower accuracy than the feature extraction using deep learning
and then applying SVM. The proposed convolution model with 21 layers was trained with
a learning rate of 0.001 and over 300 iterations, producing an accuracy of 91.58%.

A study was undertaken where an ensemble of three deep learning models was used.
The CNN models used were DenseNet201, ResNet50V2, and InceptionV3. An ensemble
of the prediction of these three models to generate the final classification. The proposed
approach achieved higher accuracy than the other three individual techniques, giving
an accuracy of 95.7%, and a sensitivity of 98% on the test set. Two architectures (one for
binary classification and the other for multi-class (3 classes) classification) comprising an
ensemble classification embedded with transfer learning and CNN layers were proposed.
The variation between these two architectures was the usage of the Sigmoid function
instead of Softmax in the classification layer. The accuracy achieved for multi-classification
was 99.21%; for binary-classification, it was 96.15% [33].

A modified VGG-19 architecture with transfer learning was deployed for the prediction
of COVID-19 based on chest X-rays, patient ID, sex, age, diagnosis (COVID-19 or not),
survival (yes or no), scan view (e.g., posteroanterior, supine anteroposterior), timestamp,
and location The dataset comprised 181 COVID-19 and 364 normal chest X-ray images.
Transfer learning was deployed for the pre-modified part and achieved an accuracy of
96.3% [34].

A medical decision support system was developed using convolutional neural network
with EfficientNetB4 as the base architecture for the diagnosis of COVID-19. The entire
model was trained on chest X-ray images. The efficiency achieved for binary classification
was 99.62%, and for multi-class classification it was 97.11%. A pre-trained Xception model
with transfer learning was used with a custom deep CNN model. The obtained accuracy in
the test phase was 97.4%. The dataset comprised 127 COVID-19 cases, 500 pneumonia, and
500 normal chest X-ray images [35].
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In another study [36], a simple CNN, deep learning model was devised and a modi-
fied pre-trained AlexNet network was deployed for distinguishing between normal and
COVID-19 cases. The CNN architecture compromised one convolutional layer with only
16 filters, one batch normalization layer, a RELU layer, two fully connected layers, and fi-
nally, a SoftMax layer for classification. The modified AlexNet architecture was established
by replacing the last layers with the intended layers. The authors used 85 X-ray images and
203 CT scan images of COVID-19 and 85 X-ray and 153 CT scan images of normal cases.
The accuracies obtained for the proposed model on X-ray images and CT scan images were
94% and 94.1%, respectively. Similarly, the accuracies obtained for the modified AlexNet
Architecture were 98% and 82%.

A study [37] was made where a pre-trained ResNet50 architecture and an ensemble
of pre-trained VGG16, ResNet50, and a custom CNN were deployed for differentiat-
ing between COVID-19 and pneumonia using chest X-ray images. The former achieved
an accuracy of 89.2%, while the latter succeeded in achieving an accuracy of 91.24%.
ResNet-18, ResNet50, SqueezeNet, and DenseNet-121 were used as pre-trained models
in research using transfer learning where the last layer of the architectures was trained
to distinguish between COVID-19 and non-COVID-19 chest X-ray images. The authors
employed 184 COVID-19 and 5000 non-COVID-19 chest X-ray images for training and
testing purposes. SqueezeNet and ResNet18 achieved a slightly better performance than
the other models.

CoroNet, a deep learning architecture, was proposed to detect the subject virus. The
architecture was based on Xception and deployed a dropout layer and two fully connected
layers at the end of the model, with a total number trainable parameters of 33,969,964.
The model achieved accuracy of 99%, 95% and 89.6% on 2-class, 3-class, and 4-class,
respectively [38].

The pre-trained VGG16 architecture was deployed, with new layers added at the
top, to detect and differentiate between COVID-19, bacterial pneumonia, and normal
cases [39]. The dataset contained 224 chest X-ray images of COVID-19, 700 images of
bacterial pneumonia, and 504 healthy cases. The authors achieved accuracies of 96% and
92.5% in two-class and three-class, respectively. The highest accuracy achieved so far on
COVID-19 detection using lung X-ray images is 99.658% for 3-class classification, as per the
covered literature [40].

The previous studies had limitations in that a xhigh-class imbalance was observed and,
also, they included very few COVID-19 chest X-ray images. As already mentioned, the
highest number of images for COVID-19 used was 850, whereas the number of COVID-19
samples in the subject research work is about 4.25 times this number (3616 images). There-
fore, the previous work had limitations regarding the low number of COVID-19 datasets
and class imbalance. The current work has more than four times the highest dataset of
COVID-19 images ever utilized, and the authors were interested to see the performance
results for such a contrast between the current dataset and the previous datasets.

3. Methodology

This section presents the architectures of deep learning models and the materials
deployed for experimentation in this study. Section A presents the details regarding the
dataset used, while Section B elaborates the deep learning models. Section C and Section D
describe the experimental setup and evaluation metrics and tools.

3.1. Dataset

The dataset of chest X-rays utilized in this research work is available in Kaggle and
was utilized in other research studies [41,42]. The database emerged from a small number
of COVID-19 cases [42] and was constantly updated. The current, updated version of the
database contains the largest number of COVID-19 chest X-ray images yet to be experi-
mented upon in any research work to the best of the authors” knowledge. The current
updated version of the database contains 3616 COVID-19 cases, 6012 lung opacity cases,
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and 10,192 normal (healthy) images. Lung opacity represents the set where the opacity
is formed by pneumonia and differentiation of COVID-19 from this class and the healthy
(normal) class is provided in the subject study.

The database was developed by researchers from Qatar University (Doha, Qatar),
University of Dhaka (Bangladesh), Pakistan and Malaysia, and with the cooperation from
medical doctors. The database development was initiated from sources including the Italian
Society of Medical and Interventional Radiology (SIRM) COVID-19 database, COVID-19
positive chest x-ray images from different articles [41], The Radiopedia, COVID-19 chest
imaging is mentioned in the initial database research article. The current distribution also
contains an additional class, lung opacity, which was recently added from the Radiological
Society of North America (RSNA) CXR dataset with number of images, 6012 [23].

Samples of chest X-ray images for normal, COVID-19 and lung opacity cases used in
the training of the deep learning models in our research work are shown in Figure 1.

Figure 1. Sample chest X-ray images of normal, COVID-19 and lung opacity cases.

3.2. Approach

For the evaluation of the deep learning models on the subject dataset, the authors
developed a custom deep learning model and used several reference state-of-the-art models
employed in earlier COVID-19 chest X-ray studies. In addition to testing the known models,
the authors first developed and tested a custom deep learning model. Among the state-of-
the-art models, the chosen models were the MobileNetV2 model with additional layers on
top, which gave the highest performance among other known models in previous research
work, and the Xception model with some layers added on the top. The designated label
for the custom deep learning model is Custom-Model. The overall system architecture is
depicted in Figure 2.

The following models used for the performance evaluation of deep learning on the
subject dataset.

3.2.1. Custom-Model

The custom model involves convolution, non-linearity, downsampling (pooling layer),
and generic, multi-layer neural network. Before the architectural details at an abstract level
are explored, an introduction to the underlying mathematical formations is helpful and is
given below.

The convolution layer deployed in the network allows features to be learnt for images,
which activate for edges along different angles. Diving deep into the network, the layers can
learn to activate for complex patterns, e.g., shapes represented by a group of edges, while
further depth explores features for meaningful objects. Convolution involves computations
(summation of dot products) by spanning kernels or filters over the input image [43].

Let H!, W!, D!, denote the input dimensions to the /-th convolution layer of order 3.

Normally, multiple kernels having a spatial span, H x W. Let D be the number of
kernels, while, for denoting the kernel, D! represents the number of channels of input.

Kernel f will be an order 4 tensor in RF WD 'xD,
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Figure 2. Overall system architecture.

The kernel spans across the entire image and the sum of products, HWD', of the
corresponding elements ranging in the D' channels yield the result at a specified spatial
location of the output feature map. A stride corresponds to the number of pixels to be
skipped while spanning at each convolution operation.

In terms of mathematical definition, while keeping the subject context, the convolution
involves convolution operation of a kernel or filter over the layer of input data, which is
defined as follows:

H W D

I
Yinjing = Z Z Z Sijata X Xy g g )

i=0j=0 4l—0

where the third dimension d’ ranges across the number of channels, and the first and third
dimensions range across the height and width of the kernel, i.e.,

0<i<HO0O<j<W0<d<Dand0 <d < D.

and y;i+111 4 represents the output of the I-th which is the input to the I + 1 layer.

It should be noted that specific values of these index variables refer to a specific point
in a kernel and a bias term bd is usually added to ;11 jH -

Introducing non-linearity introduces non-linear transformation in the model, helping
recognize complex patterns. Nonlinearity was introduced with ReLU, which is used in
several fields, such as image processing. It cuts off the inputs before feeding into the next
layer. However, it does not involve any downsampling.

Mathematically, it can be represented as in Equation (2).

yi,j,d = max{ol xli,]‘, Al } (2)

0<i< H=H*,0<;j<W=wand0 < d'< D'= D!

A graphical representation is shown in Figure 3.
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¥ = max(0, x)

Figure 3. The ReLU function.

Downsampling was introduced in the model with a pooling layer, which reduces the
dimension of the inputs by mapping a sub-region to a single value. The authors deployed
the max pooling layer, which is widely used.

Let x/ be the input to the pooling layer in RH'*W'xD' et H x W be the spatial extent
of the pooling. Let H'*1x W/*1 x D1 the dimensions of the pooling layer output; in
terms of mathematics, the operation is then described in Equation (3).

_ !
Y g = 0 < Z,<TI§1,%X< j<w i X Hed, A < W, d ©)

0 < ilJrl < Hl+1, 0 < jl+l < Wl+l/ 0<d< Dl+1: Dl.

After multiple layers of convolution, ReLU and pooling, the authors deployed fully
connected layers transforming distributed features and using neural units where the output
is obtained through the following function:

vi = f(wixy +woxy + .. + wuxy, +b) (4)

where f is the activation function (ReLU in the subject case), x represents the inputs (after

the flattening layer ), w represents the weights associated with the neuron, and b is the bias.

The final layer of the neural network, the Softmax layer, deployed the Softmax ac-

tivation function, which gives the probabilities of the classes for the final classification.
Mathematically, it can be expressed as in Equation (5).
e

softmax(z;) = —r—— 5
fimax(z) = S Q

where z represents the outputs of the neurons of the final layer. The values from the neurons
are normalized using the exponential function. M represents the number of neurons.

A custom CNN model, named Custom-Framed-CNN-Model, was developed where
layers of convolution were stacked up following a pooling layer downsampling after
each convolution layer, and increasing the number of filters of convolution layers, as
shown in Unit-1 in Figure 4. The number of filters was increased to 512 in order to obtain
more abstractions of high-level complex features in the COVID-19 chest X-ray images.
Moreover, we maintained a low 3 x 3 filter size the stacked layers, as increasing the filter
was shown to negatively affect the overall accuracy. After this, the feature maps were fed to
a neural network containing 3 layers of neurons with dropout to avoid overfitting; finally, a
classification layer was added as per Unit-2 Figure 4. The number of trainable parameters
was 8,270,659.

The activation function used in the architecture was ReLU. The resulting architecture
is shown in Figure 4.



Appl. Sci. 2022, 12, 6364

9 of 24

i

MaxPooling stride = 2x2

E
£

I

UNIT-2

Final Classification

- COVID-19
. Lung Opacity
*  Normal

3
.

FCLayar ropout FCLayar Dropout FCLayer Dropout

512 Units Layar 256 Units Layer 64 Units Layar

Figure 4. Custom-Model architecture.

3.2.2. Deep Learning Model-1 (Extended Mobilenetv2 Model)

The subject model was utilized from the literature [43] and involved performance
comparisons for different state-of-the-art models, with some added layers for COVID-19
diagnosis, as in Figure 5. The only difference is the addition of a linear transformation with
dense layer before each ReLU block in the subject experimentation to further increase the
complexity of the model.

MobileNetV2 [44] was fit as a pre-trained model as it was found to achieve the highest
performance compared with other models. The entire model was trained on the dataset
using the initial pre-trained weights in the experiments. The same strategy as in the research
work [45] was followed and included the same parameters, such as optimizer, learning
rate, and the number of epochs. The number of trainable parameters was 8963.

3.2.3. Deep Learning Model-2 (Extended Xception Model)

The Xception model [46] added few layers used for as evaluation of the dataset. The
global average pooling layer (for minimizing overfitting by downsampling) followed by a
Softmax layer were used for modification. The resulting architecture is shown in Figure 6.
The number of trainable parameters was 20,813,099.
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Figure 5. Deep learning Model-1 (extended Mobilenetv2 model).
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Figure 6. Xception-based architecture.

3.3. Experimental Setup

The setup, chosen for performance evaluation, is categorized showing hardware,
operating system, data pre-processing, hyperparameters, etc., and is illustrated in the
categories below.
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3.3.1. System and Software Setup

The machine used for the experimental setup in our research is based on Processor,
Intel(R) Xeon(R) Silver 4110 CPU with 16 GB RAM. The execution is based completely on
CPUs rather than on GPU. We deployed our implementation in Python (Version 3.8.8). The
research models were implemented using Keras implementation in Tensorflow 2.5.0. More-
over, Jupyter Notebook was used in Anaconda on the Windows 10 operating system [47].

3.3.2. Input Setup

The input images were resized to 224 x 224 x 3 pixels. The images were re-scaled in
the range [0, 1]. Image augmentation was applied to the images and included operations,
such as shear, zoom, and horizontal flipping.

3.3.3. Hyperparameter Choice

It is essential to mention here that the authors used the initial weights from pre-trained
state-of-the-art models on ImageNet using transfer learning and performed full training on
the dataset. The initial and final learning rate, convergence, and patience represent initial
training on the dataset and are only for the additional layers, base model was kept frozen
to adjust the weights of those layers according to the new dataset and not starting with
random weights. The base model represents complete training on our model with all layers
being unfrozen.

The hyperparameters used in the research work are shown in Table 1. For MobileNetV2,
the hyperparameters were kept the same as in a previous reference study [23] that achieved
the highest performance among several different state-of-the-art models; this was to maintain
a reference when comparing to other models. Some of the hyperparameters for the other
two models were altered [48]. The final learning rate for all layers of Xception was kept to
1.00 x 10~°. However, the number of epochs was reduced to 200 and 250 for the Custom-
Model and Xception, respectively, with the learning rate 1.00 x 10. The latter models were
found to converge within the specified epochs. A batch size of 32 was selected for the
Custom-Model and Xception, as recommended in a previous study [49].

Table 1. Hyperparameter Comparison.

Image Number of Number
Architecture Optimizer Learning Rate Batch Size Shuffling Epochs for Patience of Epochs
in Batches Convergence P
Custom-Model Adam 1.00 x 1073 32 Yes N/A N/A 200
MobileNetV2 Adam 1.00 x 1075 200 Yes 573 100 1000
126 (Initial .
" _ 50 (Initial
. Initial LR = 1.00 x 1073, Convergence), .
Xception Adam Final LR = 1.00 x 10-5 32 Yes 146 (Final I.’atlence.), 50 250
(Final Patience)
Convergence)

3.3.4. Train—Test Ratio

The training set comprised 70% of the images, while the tested images formed 30% of
the dataset. The training and test set was evaluated on the images for generalization behavior.

3.3.5. Evaluation Metrics and Tools

The authors aimed to provide and contribute a thorough and comprehensive assess-
ment of deep learning models on the dataset. The selected different evaluation criteria were
precision, recall, F1 score, accuracy, confusion matrix, and region of convergence curves
(ROCQC). Each evaluation criterion is detailed below.
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1. Precision

Precision measures the accuracy of the positive diagnosed cases. In the subject context,
it tells us how accurate the results are, if a person tests positive with COVID-19. In simple
words, it is classified as:

True Postive

Precision —
FECISION = Total Classified Positive ©

The actual formula for the calculation in this research work is in (7).

Precision = True Postive o
~ True Positive 4 False Positive

Let C| represent the subclasses of the class C, Cf represent the positive classes pre-
dicted by the classifier, and Cf represent the class labels for positive cases in the dataset;
precision for a subclass can then be defined as follows:

C d
cf ncf

= ®)
<t

Precision 1=

2. Recall

This tells the percentage of true positive predicted by the actual number of true
positives. It can be calculated using the formulae in (9) and (10).

True Positive
Recall = 9
eca Total Actual Positive ©)

True Positive
Recall = 10
eca True Positive + False Negative (10)

As defined for precision, recall can similarly be defined using the same representations
C, Cf. and Cf, as shown below.

]cf n cj‘

Recall| = —a (11
1

3. F1 Score

This shows us the balance between precision and recall. The F1 score for each class is
calculated employing the mathematical statement in (12) below.

Precision | x Recall 1

F1Score| =2 X (12)

Precision| + Recall|
For COVID-19, the F1 score will measure the potency of the model to detect all the

COVID-19 cases, to avoid other classes.

4.  Accuracy

This is the percentage of correctly identified classes divided by the total number of
cases. For a multiclass problem with classes i, mathematically, it is given in (5).

A True Positive; + True Negative,
ccuracy = yy : o :
Y~ True Positive; + True Negative; + False Positive; + False Negative;

(13)
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5. ROC (Receiver Operating Characteristic) Curve

The ROC curve shows the performance of the classifier at different threshold settings.
By varying threshold settings, TPR (true positive rate or recall or sensitivity) is plotted
against the FPR (false positive rate or specificity).

AUC (area under the curve) represents the area under the ROC curve.

6. Confusion Matrix

This is an evaluation tool that shows the number corresponding to correct and incorrect
predictions down to individual class levels. It shows metrics, such as true positive (TP),
true negative (TN), false positive (FP), and false negative (FN) which were used in the
performance assessment.

4. Results

This section elaborates the evaluation of the deep learning models on the dataset [30]
relying on the above-mentioned metrics, namely, accuracy, precision, recall, and F1 score.
Furthermore, we also show the ROC (receiver operating characteristic) curves, AUC (area
under curve) and macro and weighted averages. The contemplated metrics plots and
curves are presented in the subsequent sections.

4.1. Accuracy

The accuracy metric is plotted in Figure 7 for Xception, MobileNetV2, and the Custom-
Model, the latter being used as a baseline for evaluating the dataset as it had the highest
number of COVID-19 chest X-ray images.

Accuracy Values For Different Models

94.50% 94.21%
94.00%
93.45%
93.50%
>
3 93.00%
s 0
2 92.38%
O 92.50%
<
92.00%
91.50%
91.00%
Xception MobileNetv2 Custom-Model
MODELS

Figure 7. Accuracy plot for different models in terms of percentages.

From Figure 7, it is evident that the Xception model exceeds the other models in
accuracy. The second model, which precedes, is the MobileNetV2 model. It is to be noted
that the highest accuracy achieved from these models is 94.2%. Xception outclassed the
other deep learning models, as indicated by Figure 7.

4.2. Precision

The precision plots are shown in Figure 8 which highlights the top performance
of Xception model for correctly predicting the positive cases. It can be seen that the
custom Custom-Model places second as the top-performing model, followed by Mo-
bileNetV2 model.
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Precision Values For Different Models
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Figure 8. Precision plot for different models in terms of percentages.

A close look at the precision plot supports the view that the MobileNetV2 model
performed significantly lower than the other models by a difference of 4-5% for the predic-
tion of COVID-19 cases in precision values. Furthermore, it can be observed that both the
Custom-Model and Xception model are more inclined towards making more COVID-19
true predictions when compared with the performance on predicting the normal and lung
opacity cases, hence, providing better results for COVID-19 scenarios. The metrics values
for different classes vary from 90% to 98% for the Custom-Model and from 92% to 99% in
the case of the Xception model.

4.3. Recall

Looking at the recall values exhibited in Figure 9, the highest recall value is reached
by both the Xception model and the MobileNetV2 model, both outperforming the Custom-
Model. It can be seen that the highest obtained value is 95%, while the lowest is 92% for
COVID-19.

Recall Values For Different Models

9% 96% 96%
o 95%  95% ° 95% ’

o 92%

2% 90%  90%

90%

o 87%

86%

84%

82% _ _

COVID-19 Lung Opacity Normal

RECA
X X

X

Xception
Xception
Xception

MobileNetV.
Custom-Mode

MobileNetV.
Custom-Model

MobileNetV.
Custom-Mode

Deep Learning Models Distributed Class Wise

Figure 9. Recall plot for different models in terms of percentages.

Figure 9 also elaborates low recall values for identifying lung opacity when compared
with normal and COVID-19 cases, resulting in more false negative cases, while the latter
classes only have a slight difference in performance in terms of recall.
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4.4. F1 Score

The F1 score is presented in Figure 10 and shows that the Xception model outperforms
the other models, while they reached equivalent values. The Xception model exceeds the
others by 2%. The results show that Xception is preferred over the other two models when
a balance is to be kept between precision and recall values.

F1-Score For Different Models

0sy  97%
. 95%  95% 95%
94% 94%
94%
2 o 91% 91%
O
3 90% 89%
o
88%
86%
84%
c < c o T c T
2 3 3 2 z 3 2 3 ]
g z s & z s & z s
o [ . O [ L o [T} T
x H £ x H £ x 3 £
] 2 ] 2 -} 2
= 3 = 3 2 3
(s} o o
COVID-19 Lung Opacity Normal

Deep Learning Models Distributed Class Wise

Figure 10. F1 score plot for different models in terms of percentages.

4.5. Confusion Matrix, ROC Curves and Area under Curve

The confusion matrices for the three classes are presented in Figures 11-13.

Confusion Matrix

COVID-19 4 999 40 45 2500
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w
g
= Lung_Opacity 1 14 1500
g
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Predictions
Model Accuracy=92.36% | Model Error=7.64%

Figure 11. Confusion matrix for Custom-Model.
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Confusion Matrix
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Figure 12. Confusion matrix for MobileNetV2 model.
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Figure 13. Confusion matrix for Xception model.
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From the confusion matrix, it can be seen that the MobileNetV2 model was able to
predict two more COVID-19 cases than Xception and Custom-Model. It is better than
the Xception model in this regard. The total number of correctly predicted cases by the
MobileNetV2 model is 1027, while in the case of Xception, it is 1025.

Moreover, the Xception model predicted the smallest number of false positive cases
compared with Custom-Model and MobileNetV2 which performed least accurately in
this regard. The total number of false positive cases for the Xception model is 12, for
Custom-Model it is 25, and for MobileNetV2 it is 60. The number of false negative cases
for the MobileNetV2 model is slightly lower than that of the Xception model, their values
being 57 and 59, respectively.

The ROC curves shown below are plotted for Class 0 (COVID-19), Class 1 (lung
opacity) and Class 2 (normal). The ROC curve for custom-model is shown in the Figure 14.
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el ROC curve of class 1 (area = 0.97)
’,/ — ROC curve of class 2 (area = 0.98)
0.0 T T T T
0.0 0.2 04 0.6 0.8 10

False Positive Rate

Figure 14. ROC curve for Custom-Model.

The ROC curve for MobileNetV2 is shown in the Figure 15.
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Figure 15. ROC curve for MobileNetV2 model.

The ROC curve for Xception model is shown in the Figure 16.
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Figure 16. ROC curve for Xception model.

The curves are similar for all three models; however, the AUC for the MobileNetV2
model and the Xception model are equivalent, having a value of 1.00, while Custom-Model
scored 0.99 for the COVID-19 class.

Further, performance differentiation can be seen in Table 2, which shows that the
Xception model performed better than the other models in terms of macro and weighted
averages for the COVID-19 class.

Table 2. Macro and weighted averages of different scores.

Architecture Average Scheme Precision Recall F1 Score
Custom-Model 0.93 0.92 0.92
MobileNetV2 Model Macro Average 0.94 0.93 0.93
Xception Model 0.95 0.94 0.94
Custom-Model 0.92 0.92 0.92
MobileNetV2 Model Weighted Average 0.93 0.94 0.93
Xception Model 0.94 0.94 0.94

5. Discussion

This study, firstly compared three deep learning models to evaluate their performance
on a dataset with the highest number of COVID-19 chest X-ray images, to the best of
the authors” knowledge. The first model, Custom-Model, was developed by the authors.
Secondly, the MobileNetV2-based model [23], which comprised the MobileNetV2 model
with added layers, and finally, the Xception model with added layers were evaluated using
different metrics, specifically, accuracy, precision, recall, and F1 score. Moreover, ROC,
AUC, and macro and weighted averages were also compared.

The Xception model was found to exceed the other models in terms of performance
percentages. However, the confusion matrix demonstrated that the MobileNetV2 model
correctly identified two more COVID-19 cases than did the Xception model. Also, it should
be added that MobileNetV2 misclassified a far higher number of the other classes as
COVID-19.

In terms of precision, the custom-developed Custom-Model performed better than the
MobileNetV2 model by a difference of 4%, making it the best performer compared with
various state-of-the-art models in a previous study [50]. The difference in precision values
of the MobileNetV2 model and the Xception model is 5%. From the confusion matrix, it can
be seen that MobileNetV2 wrongly predicted 60 non-COVID-19 cases to be positive, while
this number was 12 for Xception, and 25 for Custom-Model. Precision gives more weighting
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to Custom-Model and Xception when compared with MobileNetV2 because if more people
are wrongly identified as positive for COVID-19 and sent to treatment facilities (hospitals).
Further, as reported by The New York Times in the USA, the COVID-19 pandemic led to
the flooding of hospitals with patients causing a lack of available beds, and of doctors and
nurses. Therefore, in such an alarming situation, it is critical for the diagnostic tests to be
more accurate in diagnosing positive results for COVID-19.

The MobileNetV2 model, however, exceeds slightly-by 2 cases—in recall (i.e., sensitiv-
ity) when compared with the Xception model. Custom-Model misclassified 85 COVID-19
cases as normal and lung opacity, Xception misclassified 59, and MobileNetV2 misclassified
57 COVID-19 cases. This reflects the case where false negatives are also important, as
accrediting COVID-19 to other classes will deprive the patients of treatment and will also
result in non-isolation of the patient, therefore, possibly causing an increase in the spread
of the virus.

Overall, the Xception model with some added layers outperformed the two other
models well and exceeds both of them in terms of F1 score. The ROC curves for the three
models are comparable; however, MobileNetV2 and Xception exceed the third model in
terms of the AUC.

The number of COVID-19 images from the literature, as covered by the authors,
contained a minimum of 127 images to a maximum of 850 and few are high imbalance
in terms of class. The highest accuracy found in the literature surveyed was a maximum
of 99.9% for binary classification where the number of images of the other classes (400)
were kept equal to the number of images of the subject virus. The maximum accuracy
achieved on binary classification from the literature was 99.90%, while on multi-class
classification, it was 99.658% on the test set. The image distribution for the former was
400 each for COVID-19 and pneumonia cases and, for the latter, it was 2911 images divided
into 237 COVID-19 positive images, 1338 normal images, and 1336 viral pneumonia images.
The current work utilized the Kaggle database, which contains 3616 COVID-19 chest X-ray
images, and which is about 426% the size of the maximum number of COVID-19 images
utilized in the covered literature.

For the comparison with previous research work, the authors used the given hy-
perparameters and the same extended architecture employed in a previous study using
MobileVNet2 as a base model. The previous metrics evaluations were 99.658% for accuracy,
and 1 for precision, recall, and F1 score from the literature work. From the analysis of the
current dataset, the values for the same architecture were 93.45% for accuracy, 94% for
precision, and 95% for both recall and F1 score. Drops of 5% and 6% were observed in the
MobileNetV2 model during the subject evaluation, where accuracy and precision values
dropped by approximately 6%, while a curtail of 5% was observed for recall and the F1
score. The Table 3 is shown the comparison of previous state-of the-art studies.

Table 3. State-of-the-art comparison COVID-19 studies.

Accuracy (%) Bina Accuracy (%)
Studies Cases Number X-ray Datasets Method Utilized y o) Drnary Multi-Class
Classification S
Classification
COVID-19 Pneumonia  Normal
Extended o
23] 237 1336 1338 MobileNetV2 architecture N/A 99.66%
[26] 400 400 COVID-CheXNet architecture 99.90%
[25] 415 5179 2880 VGG16 CNN 93.9
Inception ResNetV2,
. 97.87%, 97.87%
[29] 850 500 915 InceptionNetV3 and N/A and 96.24%

NASNetLarge
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Table 3. Cont.
. Accuracy (%)
0,
Studies Cases Number X-ray Datasets Method Utilized Accuracy. (./0) !31nary Multi-Class
Classification cpe e
Classification
VGG16 with
AveragePooling?2D, Flatten, o
[31] 250 2753 3520 Dense, Dropout and a Dense N/A 97%.
layer using Softmax function
ResNet18, ResNet50, o s
ResNet101, VGG16, and 92.6% (Pre-Trained
. . Resnet 50 Model) 91.6%
VGG19 with different SVM (Proposed CNN Model
[32] 180 200 kernel functions (Linear, A}i)fera o accurac ’
Quadratic, Cubic, and using differenty
Gaussian) and a customized SVI\% kernels)
CNN model
[33] 538 468 Ensemble of three models 95.70%
Ensemble of two
[34] 401 401 401 state-of-the-art classifiers with 96.15% 99.21%
additional CNN layers
[27] 181 364 Modified VGG-19 architecture 96.30%
Extended o o
[35] 404 404 404 EfficientNetB4 architecture 99.62% 97.11%
Extended o
[39] 127 500 500 Xception architecture N/A 94.59%
[39] 157 500 500 Extended N/A 90.21%

Xception architecture

Another comparison from a literature study where CoroNet, a deep learning architec-
ture comprising Xception as proposed. The model achieved 94.59% accuracy, 95% precision,
96.9% recall, and 95.6% F1 score on a 3-class classification. The evaluation on another
dataset in the same study demonstrated an accuracy of 90.21%, precision of 97%, recall
of 89%, and an F1 score of 93%, with the dataset composition comprising 157, 500, and
500 chest X-ray images for COVID-19, normal, and pneumonia, respectively. The current
study used an Xception-based model with a global average pooling layer and a classifica-
tion layer (Softmax), and showed 94.21% accuracy, 99% precision, 95% recall, and a 97%
F1 score. The comparison showed an increase of 4% in precision, while other values were
competitive. An overall increase of 4% to 6% was observed for the Xception model when
compared with the lower values of metrics from the above-mentioned literature work.

The summary of the literature research work and the chest X-ray image distribution for
each class in the dataset is shown in Table 1. The highest accuracy achieved for COVID-19
detection using lung X-ray images is 99.658% for 3-class classification. However, the
previous studies had limitations in that a high imbalance in class was observed and further,
contained very few COVID-19 chest X-ray images. As already mentioned, the highest
number of images for COVID-19 used was 850, whereas the number of COVID-19 samples
in this research was about 426% of this number (3616 images). Therefore, the previous
work limited in terms of the low number of COVID-19 cases in the dataset and the class
imbalance. With this dataset, the authors achieved a maximum accuracy of 94.21%, which is
greater than the accuracy achieved for the Xception-based model by 4%. However, it is less
than the accuracy achieved in a literature research work by a maximum of approximately
4.4% using another model. Overall, it can be concluded that the accuracy achieved in the
current work is reduced by approximately 2.2%, when compared for a 3-class classification.

Also, the comparison is limited by the number of deep learning models employed,
i.e., only three in this study. Recent studies showed that a dataset, when collected from
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different sources, can lead to dataset bias [51,52] where the model learns the source of the
images rather than the disease itself. Images from different sources can have different char-
acteristics, such as overall pixel intensities and corner labels, and may present electrodes
with cables in the X-ray, bras, etc. The model will tend to learn these characteristics and
associate these for the classification of the disease. For future work, the dataset should
also be analyzed for bias. Moreover, other state-of-the-art models can be evaluated on
the dataset utilized in the current study. Further, from the obtained performance of the
custom CNN model, the authors would like to enhance it further to an advanced level
where it would lead to a better diagnosing and demarcating of the subject virus cases from
other cases.

6. Conclusions

Artificial intelligence was used to deploy experimentation on a dataset containing the
largest number of COVID-19 images ever used, to the best of the authors” knowledge and
based on a survey of the literature. For the subject purpose, a CNN model was created
and deployed, and state-of-the-art deep learning models were selected, including one
which achieved top performance in a previous study. The main purpose was to test the
performance of deep learning algorithms on the updated COVID-19 database, and also to
develop and test a custom deep learning model on the subject dataset. However, there was
no intention to develop a highly remarkable deep learning model, but rather to test the
performance on a relatively larger database of chest X-ray images. Moreover, the intention
was to determine the performance gains on the utilized, larger COVID-19 chest X-ray
image dataset.

The maximum performance from among the deployed models on the subject dataset
was 94.206% in terms of accuracy, 99% in terms of precision, 95% in terms of recall, and 97%
in terms of F1 score. Promising results were found for deep learning when deployed for
the diagnosis of COVID-19 using chest X-rays. In terms of precision, it was found that 99%
of the predicted positive COVID-19 cases were accurate, which is of high scientific value.
Furthermore, the experimentation on the subject dataset showed that a higher accuracy
in precision is obtained when compared with recall, demonstrating that the percentage of
correctly identified positive cases than the percentage of total correctly identified COVID-
19 cases out of overall positive COVID-19 cases in the dataset. The MobileNetV2 model
succeeded in predicting slightly more cases of COVID-19 correctly, while producing far
more wrong predictions of COVID-19 cases. Also, the MobileNetV2 model gave slightly
lower misclassified COVID-19 cases when compared with Xception. In terms of accuracy,
the current evaluation shows a decrease of 2% in accuracy when compared with the average
accuracy of covered literature work for 3-class classification. Although this study offers a
detailed and thorough insight into the performance results of a larger COVD-19 chest X-ray
image dataset, we, nevertheless, believe that the performance analysis of deep learning
models on COVID-19 will become increasingly mature with a competitive ratio of analyzed
subject virus chest X-ray images to other, normal, and abnormal images in the dataset. It
is essential to mention here that although we utilized a large database with the highest
number of chest X-ray images of the subject virus, we still had a data imbalance where
COVID-19 chest X-ray images formed 18% of the total images, and lung opacity and normal
cases formed 30% and 52%, respectively.
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