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Nowadays, the coronavirus disease (COVID-19) is considered an ongoing
pandemic that spread quickly in most countries around the world. The
COVID-19 causes severe acute respiratory syndrome. Moreover, the
technique of chest computed tomography (CT) is a method used in the
detection of COVID-19. However, the CT method consumes more time and
higher-cost as compared with chest X-ray images. Therefore, this paper
presents convolutional neural network (CNN) algorithm in the detection of
COVID-19 by using X-ray images. In this method, we have used a balanced
image database for the normal (healthy) and COVID-19 subjects. The total
number of image database is 188 samples (94 healthy samples and 94
COVID-19 samples). Furthermore, there are several evaluation
measurements are used to evaluate the proposed model such as accuracy,
precision, specificity, sensitivity, F-measure, G-mean, and others. According
to the experimental results, the proposed model obtains 98.68% accuracy,
100% precision, and 100% specificity. Besides, the proposed model
achieves 97.37%, 98.67%, and 98.68% for sensitivity, F-measure, and G-
mean, respectively. The performance of the proposed model by using CNN
algorithm shows promising results in the detection of COVID-19. Also, it
has outperformed all its comparatives in terms of detection accuracy.
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1. INTRODUCTION

The coronavirus disease (COVID-19) has appeared at the end of december 2019 in Wuhan city,
China as the first case of this virus, where the pandemic of this respiratory disease is still infecting people
nowadays. However, COVID-19 disease is considered a dangerous pandemic around the world [1]. In fact,
COVID-19 is a respiratory illness that has been caused by severe acute respiratory syndrome coronavirus 2
(i.e., SARS-CoV-2) [2]. The most familiar symptoms for COVID-19 are short breathing, headache, fever,
diarrhoea, sore throat, and cough. Moreover, other symptoms can be observed also in the patients of
COVID-19 such as loss of smell, taste vanishing, nasal blockade, aches, and tiredness [3]. However, people
can be infected quickly by the coronavirus droplet because there is no particular vaccine prepared to work
efficiently 100% to prevent coronavirus and infectious disease. Consequently, the isolation of the infected
people from COVID-19 is the only manner to stop and prevent the spread of COVID-19 to avoid infect
healthy people. Furthermore, the real-time reverse transcription polymerase chain reaction (i.e., RT-PCR) is
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the common method that used for COVID-19 detection by utilizing respiratory samplings [4]. Although the
RT-PCR technique can work effectively for SARS-CoV-2 diagnosis, this method has some drawbacks such
as error-prone results and time consumption [5]. According to the limitations and drawbacks of the RT-PCR
technique, it has been posed as challenge to prevent and stop the dissemination of COVID-19 infection.

In contrast with the RT-PCR method, the techniques of radiological imaging have been used in the
diagnosis of SARS-CoV-2 though coalescing with clinical symptoms of the infected people, obtain the
history of travel and laboratory results [6]. In addition, the techniques of radiological imaging (e.g., chest CT-
scan and chest X-ray) can be presented as helpful and significant tools in order to isolate the infected people
appropriately and also to control this situation of the COVID-19 epidemic [7]. The chest CT-scan and chest
X-ray techniques can be used in the detection of the COVID-19 radiological characteristics. The chest X-ray
is the first selection of radiologists because most hospitals and clinics are provided with machines of X-ray
[8]. Nevertheless, the chest CT-scan technology is consuming more time as compared with the technology of
X-ray imaging. Moreover, in different undeveloped regions, the quantity and the quality of the chest CT scan
may be limited or low. Therefore, it leads to an unsuitable detection of COVID-19. On the other hand, the
chest X-ray is a well-known technique and broadly available, where it has been widely used in diagnostic
imaging and plays a significant role in epidemiological research and clinical care [9]. Further, many facilities
of ambulatory care have deployed machines of chest X-ray imaging in rural regions particularly. X-ray
imaging is performing significantly in real-time for disease detection. Algorithms of deep learning (DL) and
machine learning (ML) have widely used and proved their efficiency and effectiveness in the classification
process [10], [11], where such algorithms have been used in several domains such as language identification
[12]-[14], images classification in the medical domain [15], [16], identification of spam emails [17], vehicle
detection [18], detection of conflict flows in SDN [19], and voice pathology detection [20]-[23]. Besides, DL
and ML algorithms have been applied as the main part in the systems of COVID-19 detection [24], [25]. The
main intention of using DL and ML algorithms is to train and create a system that can classify subjects
efficiently. Many methods and techniques have been proposed in the field of COVID-19 detection. Recently,
the detection of COVID-19 has witnessed a significant interest by researchers and developers, where it has
been observed that there are many systems for COVID-19 detection that have been proposed in the state-of-
the-art which used chest X-ray images.

The study in [26] has been presented a deep learning technique for the detection of COVID-19 by
using X-ray images. The authors have used convolutional neural network (CNN) algorithm and selected 70
samples of X-ray images for patients who are infected by COVID-19. These X-ray images have been taken
from the public database [27]. While the normal (healthy) samples for chest X-ray images have been
obtained from Kaggle. According to the results, the CNN can be improved the precision measure from 85.7%
to 92.9% for the VGG16 method. Furthermore, the authors have created saliency maps in order to
demonstrate the locations focused over the deep network, facilitate a more informed the process of decision-
making, and finally to enhance the understanding of deep learning outcomes.

In addition, there are three different models of CNN techniques that have been proposed in [28],
these models are ResNet50, InceptionV3, and Inception-ResNetV2. Besides, these three models have been
used for the detection of people who are infected by COVID-19 disease by using images of X-ray. In this
study, the authors have been selected the X-ray images for healthy samples and COVID-19 samples from
[27]. The total number of the database is 50 images (i.e., 25 samples for the COVID-19 subject and 25
samples for the healthy subject). The evaluation results of this method have shown that the ResNet50 model
has achieved the best detection accuracy of COVID-19 as compared with Inception-ResNetV2 and
InceptionVV3 models, where the ResNet50 model has obtained accuracy reached to 98%. While the highest
achieved accuracies of Inception-ResNetV2 and InceptionV3 models were 87% and 97%, respectively.
However, this study has been investigated based on a small database of X-ray images.

Another research study has been proposed in [29]. In this study, the authors have presented the
ResNet model of the deep learning technique for diagnosing the COVID-19 from images of chest X-ray.
Furthermore, this study consists of two phases. The first phase is for the classification part between COVID-
19 samples and healthy samples. While the second phase is to identify the anomaly samples. In the second
phase, it gives an anomaly score in order to improve the COVID-19 score that has been used for the
classification part. The authors have been selected two databases of X-ray images in their study that involves
70 samples for the COVID-19 subject and 585 samples for the healthy subject. The assessment outcomes for
COVID-19 detection of this study have shown that the measurements of AUC (i.e., area under the curve),
sensitivity, and specificity were 0.952, 96.00%, and 70.7%, respectively.

Regarding COVID-19 detection, a framework model that depends on Capsule Networks has been
presented in [30] for detecting COVID-19 through using X-ray images. In addition, different convolution
layers and capsules have been used in this work in order to overcome the class imbalance problem. In the
experimental of this study, the authors have shown that the performance of their method is able to detect
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COVID-19 based on a smaller number of trainable parameters. Besides, they have been mentioned that the
trained model is available online on GitHub [31]. According to the results, the highest achieved accuracy was
95.7%. Whilst, the highest obtained specificity and sensitivity were 95.80% and 90%, respectively. The
research study in [32] has been presented the support vector machine (SVM) algorithm in the diagnosis of
COVID-19. In this method, there were thirteen different pre-trained models of CNN such as VGG19,
VGG16, AlexNet and other models. The deep features have been extracted from 381 samples of chest X-ray
images. Where there were 127 samples of images that have been selected for those patients who are infected
with COVID-19 subject, 127 samples have been selected to viral pneumonia subject. Whereas, there were
127 samples have been selected for the healthy subject. Subsequently, the deep extracted features have been
fed into the SVM algorithm in order to classify the chest X-ray images with respect to their subjects. In this
method, the images database has been divided into 80% training and 20% testing. The results of this method
have shown that the SVM classifier is able to obtain average classification accuracy that reached to 95.33%
for COVID-19 detection.

2. RESEARCH METHOD

The CNN has been widely used and proved its efficiency and effectiveness in the classification
process. Therefore, in this study, our proposed model is performed based on the CNN algorithm for detecting
COVID-19 based on X-ray images. Besides, there are various evaluation measures have been used in order to
evaluate the performance of the proposed model in terms of effectiveness. Furthermore, the proposed model
has been created based on three main steps. The first step indicates the database of the X-ray images that
have been used in this model. The second step indicates to the pre-processing process of the X-ray images for
both subjects, COVID-19 and healthy. The third step indicates to both tasks of features extraction and
classification, where the CNN algorithm is used in order to distinguish the X-ray images with respect to their
subject. The diagram of the proposed model for COVID-19 detection is illustrated in Figure 1. In addition,
these three steps of the proposed model will be explained in the next subsections, respectively.

Image Pre-processing Convolutional Neural Network
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Figure 1. The diagram of the proposed model

2.1. X-ray images database

In our proposed model, the database of X-ray images has been taken from [27]. This database
includes two main classes, the first class denotes to the healthy samples (i.e., people who are uninfected from
COVID-19). Whilst, the second class denotes to the samples of patients who are infected by COVID-19. In
the proposed model, the total number of X-ray images is 188 samples. The healthy class includes 94 samples
of X-ray images and the COVID-19 class includes 94 samples of X-ray images as well. Furthermore, the
database in this proposed model has been divided into 60% for the training process (i.e., the total is 112
samples, each class includes 56 samples). The remaining 40% of the database is for the testing process (i.e.,
the total is 76 samples, each class includes 38 samples). Further, Table 1 shows the details of the database
used in the proposed model.

Table 1. Description of the database
Class Number of Images Samples of X-ray images Class Label
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2.2. Image pre-processing

In this study, the pre-processing step of X-ray images consists of two phases. These two phases are
the conversion of the image and image resize. In the conversion phase, each image will be read and check its
dimensionality. In other words, the image with 3D will be converted into 2D. While in the image resize
phase, the dimensionality of all images will be resized into (128x128) dimensions. Subsequently, the output
of the pre-processing step will be fed into CNN.

2.3. Convolutional neural network

The convolutional and classifier are the main two bases of the architectures of the CNN. The base of
convolutional includes three main layer types which are: convolutional, activation, and pooling layers. The
three layers are used to found out the input images' critical features that named maps of the features. Whilst
the base of the classifier includes the dense layers which convert the maps of the features into vectors with
one dimension to speed up the classification mission utilizing a number of neurons [33]. This study proposes
a CNN with fifteen layers for detecting the COVID-19 using X-ray images. Figure 2 presents the full detailed
diagram of the proposed CNN. The input layer has a shape of (128x128x1). The proposed model has three
convolutional layers, two max pooling layers, and one fully connected layer. The first convolutional layer has
eight filters of size (3x3), with one a same padding and a stride followed by batch normalization and rectified
linear units (ReLU) layers. The second and third convolutional layers have 16 and 32 filters of size (3x3),
respectively. Both layers have one a same padding and a stride as well as both are followed by batch
normalization and ReLU layers. The two max pooling layers with a size of two and a stride of two, both
follow first and second convolutional layers. The output of these layers is flattened and fed into a fully
connected layer followed by softmax layer. The final output layer refers to a binary classification. Table 2
illustrates the parameters of the trained CNN model utilized for detecting COVID-19.
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Figure 2. The diagram of the proposed CNN

Table 2. Parameters of the trained model utilized for detecting COVID-19

Parameter Value
Method of Optimisation SGDM
Learning Rate 1.0000e-03
Max Epochs 10
Shuffle every-epoch
Frequency Validation 30
Momentum 0.9000
Mini Batch Size 128
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3. RESULTS AND DISCUSSION

Our proposed model is intended to the detection of COVID-19 by using CNN algorithm based on X-
ray images for distinguishing healthy people from patients who are infected with COVID-19. In this work,
the images database has been divided into 60% for the training process and 40% for the testing process.
Furthermore, the proposed model has been performed by using MATLAB R2019a as a simulation tool over a
PC using Windows 10, 8 GB RAM, and Intel Core-i5, 3.00 GHz CPU. Also, there are different evaluation
measurements have been used in order to evaluate the performance of the proposed model with respect to the
effectiveness in the detection of COVID-19. These evaluation measurements are accuracy, precision,
specificity, sensitivity, negative prediction value (NPV), F-measure, and G-mean. Further, these
measurements have been calculated as shown in (1)-(7) [34]-[36].

Accuracy = L L R— Q)
TP + TN + FP + FN

Precision = —— 2
TP + FP

i o TN

Specificity = prevmp— 3)

Sensitivity = prepe— (4)

NPV = — (5)

TN + FN

2 X Precision x Recall
F — measure = — (6)
Recall + Precision

G — Mean = ;/Specificity X Recall @)

Where, TP refers to true positive, TN refers to true negative, FP and FN denote to false positive and
false negative, respectively. Table 3 shows the achieved results of the proposed model in the detection of
COVID-19.

Table 3. The achieved results of the proposed model
Accuracy Precision  Specificity Sensitivity NPV  F-Measure G-mean
98.68 100.00 100.00 97.37 97.44 98.67 98.68

According to the experimental results which have shown in Figure 3, the proposed model has
presented promising results for detecting COVID-19, where the proposed CNN has achieved the highest
accuracy that reached to 98.68%. In addition, the proposed model has gained 100.00% for both precision and
specificity. While the obtained results for the measurements of sensitivity, NPV, and F-measure were
97.37%, 97.44%, and 98.67%, respectively. Based on the obtained results, the proposed model using the
CNN algorithm is able to perform effectively in the detection of COVID-19 based on X-ray images. Besides,
Figure 3 shows the confusion matrix of the proposed model.

&7 0

Figure 3. The confusion matrix
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Additionally, Figure 4 shows the achieved accuracy and the loss percentage for the training process
and the validation process in each iteration of the experiment. The proposed model has been evaluated also in
terms of receiver operating characteristic (ROC), where it has obtained 0.98684 of ROC as shown in

Figure 5.
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Figure 4. The achieved accuracy and the loss percentage for the training and validation processes
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Figure 5. The ROC result for CNN model
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Furthermore, the performance of the proposed model using the CNN algorithm has been compared
with other recent methods [25], [32], [37]-[40] in terms of accuracy in the detection of COVID-19. All these
methods have been presented with different deep learning models and different machine learning algorithms
for detecting patients who are infected by COVID-19 based on X-ray images. The performance of the
proposed model has outperformed all its comparatives in terms of the accuracy measurement. Table 4 shows
the comparison between methods with respect to the accuracy in the detection of COVID-19.

Table 4. The comparison between methods
Method Accuracy

Method in [25] 90.00
Method in [37] 95.12
Method in [38] 98.00
Method in [39] 94.10
Method in [40] 97.48
Method in [32] 95.38

Our method 98.68

4.  CONCLUSION

The COVID-19 outbreak has made the whole world in a difficult situation causing the life in many
countries to a frightening halt and claiming thousands of lives. On the other hand, deep learning algorithms
have been widely used in the analysis of radiological images. In addition, these algorithms have been proved
their effectiveness in the classification process. Therefore, this paper has presented the CNN model of deep
learning algorithms for the detection of COVID-19 based on chest X-ray images. The database of X-ray
images is overcome the CT images in terms of time consumption and cost. In the proposed model, there were
94% samples for the healthy class and 94% samples for patients who are suffering from COVID-19. Based
on the experimental results, the proposed model has obtained 98.68% accuracy, 100% precision, 100%
specificity, 97.37% sensitivity, 98.67% F-measure. Furthermore, the achieved results of G-mean, NPV, and
ROC were 98.68%, 97.44%, and 0.98684, respectively. According to the obtained results, the proposed
model can achieve encouraging detection accuracy for COVID-19 from X-ray images. In future work, we
aim to apply the proposed model of deep learning for COVID-19 detection based on the large database of
image samples. Another future work can include using machine learning algorithms for detecting COVID-19.
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