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Abstract: Coronavirus disease, which resulted from the SARS-CoV-2 virus, has
spread worldwide since early 2020 and has been declared a pandemic by the
World Health Organization (WHO). Coronavirus disease is also termed
COVID-19. It affects the human respiratory system and thus can be traced and
tracked from the Chest X-Ray images. Therefore, Chest X-Ray alone may play
a vital role in identifying COVID-19 cases. In this paper, we propose a Machine
Learning (ML) approach that utilizes the X-Ray images to classify the healthy and
affected patients based on the patterns found in these images. The article also
explores traditional, and Deep Learning (DL) approaches for COVID-19 patterns
from Chest X-Ray images to predict, analyze, and further understand this virus.
The experimental evaluation of the proposed approach achieves 97.5% detection
performance using the DL model for COVID-19 versus normal cases. In contrast,
for COVID-19 versus Pneumonia Virus scenario, we achieve 94.5% accurate
detections. Our extensive evaluation in the experimental section guides and helps
in the selection of an appropriate model for similar tasks. Thus, the approach can
be used for medical usages and is particularly pertinent in detecting COVID-19
positive patients using X-Ray images alone.
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1 Introduction
The whole world has gone into different levels of lockdown since March 2020 because of the pandemic
caused by the coronavirus (namely COVID-19). From a medical perspective, COVID-19 causes breathing
issues and may lead to death in 2% of the cases [1]. According to the latest reports, over one hundred
million people across two hundred countries are infected with the virus. Up until the 25th of March 2021,
over two million deaths caused by this disease were reported. Economically speaking, it caused a crisis in
many parts of the world due to travel restrictions and social distancing measures.
Limiting the spreading of this disease has been the priority for the whole world since the beginning of the
pandemic. The early detection of the infected patients is helping in the treatment and hence in controlling the
spread of the disease. However, this control is negatively affected by the long waiting time between the
detection and the diagnostic test results. Moreover, the current COVID-19 diagnostic test is costly,
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especially for patients who have low health care beneﬁts. Applying Artiﬁcial Intelligence (AI) techniques in
medical images has shown promising results in diagnosing different diseases [2]. ML can be applied to
recognize the patterns through analyzing massive data, which is becoming increasingly available. In this
context, COVID-19 dataset availability for researchers is boosting the conﬁdence of the predictive models.
This article proposes an ML approach using X-Ray images to classify the healthy and affected patients
based on the patterns found in these images. The article also explores traditional and DL approaches for
COVID-19 patterns from chest X-Ray images to predict, analyze, and further understand this virus. The
experimental evaluation of the proposed system achieves 97.5% detection performance for normal cases
versus the COVID-19 cases. For the Pneumonia virus versus COVID-19 scenario, we achieve 94.5%
accurate detections. With this evaluation, we believe that such an experimental setup will facilitate for
radiologists the creation of clinical observation-based decisions using ML approaches alone. We also
noted that the separating boundary between Pneumonia Bacteria and Pneumonia Virus is complex
compared to the COVID-19 versus normal cases and the COVID-19 versus Pneumonia Virus cases. For
the Pneumonia Bacteria vs. versus Pneumonia Virus, we get a maximum separating boundary with an
accuracy of 75%, which is comparatively lower than for the COVID-19 vs. normal cases and the
COVID-19 vs. versus Pneumonia Virus cases. Through visual analysis, we observed that even with the
naked eye, it is clear that the disease of Pneumonia Bacteria and Pneumonia Virus has almost similar
visual patterns, which means that further inputs are needed to improve the accuracy of the model. Thus,
the approaches and evaluation discussed in this article can be used for medical usages to detect
COVID-19 positive cases using X-ray images for a fast prediction. Our extensive experimental evaluation
helps in the selection of an appropriate model for similar tasks.
The novelty and originality of this article are summarized as follows:
 The proposed approach has a complete structure without manual detection and classiﬁcation.
 The performance of the COVID-19 detection across normal, Pneumonia Virus, and Pneumonia
Bacteria classiﬁcation is signiﬁcantly better.
 It compared and evaluated the classical ML approaches and CNN models
 A high-performance diagnosis system is proposed for an automatic detection of COVID-19 patients
and for follow-up.
The rest of the paper is organized as follows: Section 2 presents the literature review, Section 3 shows the
proposed approach with details on the used algorithms. Section 4 offers the details of the experiments and
dataset. Section 5 depicts the results of the experiments. Finally, Section 6 concludes the contribution and
the main ﬁndings of the paper and provides some future directions.
2 Literature Review
The most popular technique employed for the detection, recognition, and image-based autonomous
diagnosing of COVID-19 is that of the Convolutional Neural Network (CNN). Moreover, a Neural
Network (NN) for the biological process of health differentiation is considered when the automatic
monitoring of COVID-19 is a priority. The method known as transfer learning has been adopted in
several techniques. Through transfer learning, detecting various anomalies in small medical image data
sets is a feasible goal, usually achieved with remarkable results [3]. Zhang et al. [4] proposed a DL-based
model that can detect COVID-19 with high sensitivity, thereby providing fast and reliable scanning.
Computed Tomography (CT) images of COVID-19 and multi-target victims (MODE) were classiﬁed
using CNN in [5]. Chen et al. [6] put forward residual attention U-Net approach for multiple types of
automatic segmentation techniques to lay the foundation for the quantitative diagnosis of lung infections
using CT images. Adhikari et al. [7] proposed an Automatic Diagnosis Medical Analysis (ADMA)
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network, which attempts to ﬁnd the infected area to help doctors identify the affected parts. Both X-ray and
CT images are used in the study. DenseNet recommends removing and marking the affected area of the lungs.
According to Alqudah et al. [8], two methods were proposed to diagnose a chest X-ray of COVID-19
victims. Firstly, AOCTNet, MobileNet, and ShufﬂeNet CNN are used. Secondly, categorizing them is
done using softmax classiﬁer, KNN, Support Vector Machine (SVM), and Random Forest (RF)
algorithms [8]. Khan et al. [9] categorized chest X-ray images using Xception design to perceive
COVID-19 infection from normal, bacterial, and viral infections. Ghoshal and Tucker [10] utilized
Bayesian CNN weighted model projection based on chest X-ray images for the detection of COVID-19.
Hemdan et al. [11] used VGG-19 and DenseNet models to diagnose COVID-19 from X-ray images. Ucar
and Korkmaz [12] worked on X-ray images to map COVID-19 and used the SqueezeNet model with a
Bayesian improvement.
Within the study by Apostopoulos et al. [13], the authors automatically detected X-ray images exploiting
CNNs with transfer learning. Sahinbas and Catak [14] used X-rays to diagnose COVID-19 and studied
VGG-16, VGG-19, ResNet, DenseNet, and InceptionV3 model. Medhi et al. [15] used X-ray images for
feature extraction and segmentation, then classiﬁed using CNN. The authors in [16] used ﬁve feature
extraction methods to classify X-ray images to diagnose COVID-19. They used the Gray-Scale Matrix
(GLCM), Native Direction Map (LDP), Gray-scale Run Length Matrix (GLRLM), Gray-scale Size Area
Matrix (GLSZM), and Discrete Wave Transmission (DWT). The patterns are then classiﬁed by SVM. A
cross-validation approach is used by Punn and Agarwal [17] to process the X-ray images using ResNet,
InceptionV3, and Inception ResNet models for COVID-19 diagnosis. Afshar et al. developed a Deep
Neural Network (DNN). It is primarily based on diagnostic solutions and provides an optimal modeling
framework that supports capsule networks, which results in a good detection performance even with a
small set of input features.
3 Proposed Approach
This research uses the advantages of image analysis approaches to propose an automatic model with
clinical capabilities for the early detection of COVID-19 cases. The research aims to evaluate the
effectiveness and accuracy of automated diagnosis of COVID-19 based on the X-ray images alone
through classical ML models and the deep learning paradigm. The X-ray images analyzed comprise four
categories: Normal cases, COVID-19 cases, Virus Pneumonia, and Bacterial cases, as shown in Fig. 1.

Figure 1: Distribution of the chest x-ray images
Classical ML models are employed to compare the detection capabilities. Through the use of DL
models, the research aims to evaluate the effectiveness and accuracy of CNN with the classical ML
approaches.
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Fig. 2 shows the proposed framework, where the dataset consists of three main classes. These classes are
COVID-19, Normal, and Pneumonia classes of X-ray chest images. Pneumonia has two further types. These
classes are explained in the experimental evaluation section. The Scaling steps contain noise removal and
pre-processing. Various machine learning algorithms are applied to train the model and compare the
results. The evaluation is based on 10-folds cross-validation. We select the Random Forest, J48,
AdaBoost, K-NN, Support Vector Machine, Logistic Regression, Naïve Bayes, and Bayesian Network
from the classical machine learning set. From the DL paradigm, we use the CNN approach.

Figure 2: Proposed framework of COVID-19 detection and classiﬁcation. In our setup, the DL and classical
ML need to extract features before building the model. However, the deep learning paradigm extracts
features by itself. Classical machine learning, however, needs features to be extracted before applying the
classiﬁers. Therefore, in Fig. 2, we show a generic ﬂow that applies to both the classical and the deep
learning approaches
3.1 Deep Learning
DL is a subset of ML algorithms in which the layers learn independently by ﬁnding patterns and
structures in data to make future decisions. The data can be images, text, or sound. DL algorithms
represent the self-learning process, and thus it depends on the ANN, which is created by taking
inspiration from the structure of the human brain [18]. ANN is the replication of the human brain where
valuable data is extracted automatically to decide without having explicit programing of all the aspects. In
the human brain, around 100 billion neurons are present, and they are all connected through thousands of
neighbors. In computers, we reconstruct these neurons artiﬁcially and call them ANN. Some of these
neurons are for getting input value and some are for having output value, while others are hidden neurons
for processing. All these neurons are organized in layers, and these layers are referred to as the input
layer, output layer, and usually one or more hidden layers. In DL, data is passed from the different Neural
Networks (NN) layers and data representation gets simpler by each layer of NN.
3.2 Convolution Neural Network (CNN)
CNN is one of the most popular deep NN classes and it consists of many layers: an input layer, output
layer, and one or more hidden layers. CNN is mainly applied to analyze images and data having correlated
patterns. It can optimally detect and classify images and videos and is used in many applications in medical
images, recommendation systems, and object detection and recognition [19].
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3.3 Random Forest (RF)
RF is one of the most popular algorithms of ML that belongs to supervised learning. It is used for both
classiﬁcation and regression problems. It is based on ensemble learning, which combines multiple classiﬁers
to improve the performance of the model and thus solves a complex problem. RF combines various decision
trees from the subset features of the given dataset. Instead of relying on a single tree, RF makes a prediction
of the ﬁnal output class based on the majority voting of the trees [20].
3.4 J48
J48 is one of the ML algorithms that are based on the decision trees and it achieves the best performance
when applied to categorical and continuous data [21]. J48 generates decision trees based on a speciﬁc set of
rules. These trees can be used for classiﬁcation and are often referred to as statistical classiﬁers. The J48 trims
trees based on predeﬁned rules and standardized data. J48 allows classiﬁcation using either decision trees or
rules generated from them. The accuracy can be increased by using the process of pruning as explained in
[22]. J48 is an extended version of ID3 and is an open-source implementation of the C4.5 decision tree
algorithm. This algorithm uses a predictive ML model that computes the ﬁnal value of a new sample
based on various features of the available data samples. The internal nodes of a decision tree represent
the different attributes; the branches between the nodes represent the possible values that these attributes
can have in the observed samples. The terminal nodes represent the detail about the ﬁnal value of the
dependent variable.
3.5 AdaBoost
Adaboost or Adaptive Boosting is a boosting technique that is used to increase the accuracy of the
models [23]. It works by adding weak models sequentially using weighted training data. It basically
assigns more weight to the incorrectly classiﬁed sample points, and they are essentially classiﬁed
correctly in the next iteration. Adaboost is mainly used in enhancing the performance of decision trees
but can be generally utilized with weak classiﬁers. This algorithm can be used to improve the overall
performance with a combination of other ML algorithms. It is also used to boost the performance of
decision trees on classiﬁcation problems [24].
3.6 K-Nearest Neighbors (K-NN)
The K-Nearest Neighbor (K-NN) model is based on the similarity of features. It can be used to solve
classiﬁcation and regression problems. K-NN performs calculations on runtime and makes predictions
based on the similarity between the training instance and the input sample. The model depends on the
value of k, i.e., the distance or neighborhood in which the samples are classiﬁed. In many research
studies [25,26], it is noted that the K-NN algorithm achieves outstanding results by using various datasets
in the experiments. The best choice of k depends on the data, but typically larger values of k provide
stable outcomes, yet it may not provide an optimal separating boundary between different classes. The
correct value of k can be selected by using a cross-validation technique. The best way to solve the nearest
neighbor problem with K-NN is by choosing the k value using the elbow approach. In pattern
recognition, K-NN has a signiﬁcant role and is used to solve many supervised learning problems.
3.7 Support Vector Machine (SVM)
SVM is a supervised model for classiﬁcation as well as regression problems [27,28]. Given training data,
the SVM algorithm constructs a model that assigns new items to the corresponding class. SVM ﬁnds a hyperline that separates the data into different classes. In this way, the line is called linearly separable. The line
should be optimal when it’s placed as far as possible from the data points. This data should not impact
the objectivity of the classiﬁcation scheme. The optimal line is guaranteed to have more discrimination
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against noises. In this way, SVM seeks the straight line (or the hyperplane) with the optimal value to the
training samples.
3.8 Logistic Regression
Logistic Regression is an algorithm that is used for both the classiﬁcation and the regression tasks [29].
The algorithm generates an output based on the set of input variables. The underlying assumption it follows is
that the input features are independent of one another. Secondly, a sizeable quantity of data is required for the
model to converge. The algorithm works on the principle of regression analysis, where it works as a
predictive model, predicting an output variable based on one or more independent variables.
3.9 Naïve Bayes
Naïve Bayes is a supervised ML algorithm that utilizes the Bayesian rule to assume that the attributes are
conditionally independent. While this assumption of independence is often violated in practice, Naïve Bayes
nonetheless usually delivers good classiﬁcation accuracy. Coupled with its computational efﬁciency and
other desirable features, Naïve Bayes is widely used in text classiﬁcation problems. Other uses of Naive
Bayes classiﬁers include spam ﬁltering, contextual text analysis, machine vision, and medical diagnosis [30].
3.10 Bayesian Networks
The Bayesian Networks or Belief Networks are a type of graphical ML model used to represent a set of
random variables and their conditional probabilities [31]. The random variables are represented by the nodes,
while the edges represent the dependence or the relationship between the variables. Bayesian Networks
correspond to a Directed Acyclic Graph (DAG). Bayesian Networks work under the underlying
assumption of feature independence and node independence from all the nodes among their predecessors
except for the parental nodes [32].
4 Experimental Design
In this section, we present the dataset and the experimental evaluation of the proposed COVID-19
detection framework. Various ML algorithms are evaluated, and the results are compared. The evaluation
is based on 10-folds cross-validation. From the classical ML set, we select the Random Forest, J48,
AdaBoost, K-NN, Support Vector Machine, Logistic Regression, Naïve Bayes, and the Bayesian
Network. From the DL paradigm, we use the CNN model. In the following section, the dataset is elaborated.
A total of 1000 X-ray images are collected from GitHub and shared by Cohen et al. [33]. There are four
classes of images. Among the available images, 250 COVID-19 and 250 normal images are selected. The
dataset also includes 250 Pneumonia Viruses and 250 Pneumonia Bacteria for a total of 1000 images.
The dataset is balanced due to the fact that each class has 250 images. Fig. 3 shows a sample of the
normal and healthy chest X-ray images, while Fig. 4 shows the images of the COVID-19 affected patients.

Figure 3: Chest images of normal and healthy people
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Figure 4: Chest X-ray of COVID-19 affected people
5 Results and Performance Evaluation
The evaluation uses the 10-folds cross-validation setup. We evaluate the Random Forest, J48, AdaBoost,
K-NN, Support Vector Machine, Logistic Regression, Naïve Bayes, and Bayesian Network from the classical
machine learning set. From the DL paradigm, we use the CNN model.
F-measure is used as the evaluation parameter. For all the classical approaches (Random Forest, J48,
AdaBoost, K-NN, Support Vector Machine, Logistic Regression, Naïve Bayes, and Bayesian Network)
and for DL, a 10-folds cross-validation approach is used. In 10-folds cross-validation, the data is divided
into ten subsets, out of which nine subsets are consecrated for training, and one set is used for testing. A
model is built on the nine subsets and then tested on a single test set. The process is repeated ten times to
consider all the possible combinations of training and testing instances. The performance of the ten folds
is then averaged for the ﬁnal F-measure.
For the classical approaches (Random Forest, J48, AdaBoost, K-NN, Support Vector Machine, Logistic
Regression, Naïve Bayes, and Bayesian Network), we extract features using the Auto Color Correlogram
approach. The Auto Color Correlogram features take color and intensity into account and consider the
pixel spatial relationship in an image. We select Auto Color Correlogram features because they have
shown good performance in the initial evaluation compared to other features.
In the following section, we present the results of the evaluation on three scenarios: The COVID-19
versus Normal cases, the COVID-19 versus Pneumonia cases, and the Pneumonia Virus versus
Pneumonia Bacteria.
5.1 Covid-19 Versus Normal Cases
The ﬁrst set of experiments involves the evaluation of 250 COVID-19 infected cases and 250 normal
cases. Accordingly, Fig. 5 shows the accuracy of the experimental evaluation of the 500 images. 90% of
the 500 images are used for training in one step, and 10% are used for testing. For each classiﬁer, the
performance is noted, and the process is repeated ten times. The average of the ten executions for each
classiﬁer is shown in Fig. 5 and Tab. 1.
Fig. 5 presents an interesting evaluation of the DL classiﬁer and the other eight classical classiﬁers. The
bar chart in Fig. 5 displays the variations in the performances of the classiﬁers. Overall, the performance
ranges between 94% accurate models for the SVM classiﬁer and 97.5% as the best performance for the
DL classiﬁer. As shown in Fig. 5, the DL classiﬁer has dominated the performance of the other
classiﬁers. This domination is expected due to the advanced algorithm behavior in DL classiﬁers over the
classical classiﬁers of ML. Among the classical classiﬁers, the Random Forest classiﬁer achieves the best
performance with an accuracy of 97%, followed by the J48, Adaboost J48, Logistic Regression, with
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accuracies of 96.8%, 96.5%, and 96.2%, respectively. However, the other classiﬁers have moderate
performance results.
Deep Learning
Random Forest
J48
Adaboost J48
KNN Classifier
SVM
Logistic Regression
Naïve Bayesian
Bayesian Network
93

93.5

94

94.5

95

95.5

96

96.5

97

97.5

Figure 5: Cross validated accuracy of COVID-19 versus Normal instances
Table 1: Cross Validated Accuracy of COVID-19 versus Normal instances with Auto Color Correlogram
Features
Classiﬁer

10-Folds Accuracy

Bayesian Network
Naïve Bayesian
Logistic Regression
SVM
KNN Classiﬁer
Adaboost J48
J48
Random Forest
Deep Learning

95
95
96.2
94.6
96
96.5
96.8
97
97.5

From Fig. 5, it is clear that the classiﬁers have very close accuracy rates, which prompts us to consider
other factors that might help us decide which is the best choice between these classiﬁers, especially in the DL
classiﬁer, where more processing resources are utilized compared to classical ML classiﬁers. The slight
increase in the performance of the DL classiﬁer makes the Random Forest classiﬁer a perfect choice,
given that it uses considerably fewer processing resources compared to the deep learning classiﬁer.
5.2 Covid-19 Versus Pneumonia Virus
Fig. 6 shows the cross-validated accuracy of COVID-19 versus Pneumonia Virus. This set of
experiments has followed a similar scenario involving the evaluation of COVID-19 infected cases versus
the Pneumonia infected cases. Two hundred ﬁfty images of COVID-19 infected cases and 250 images of
the Pneumonia infected instances are used in this experimental evaluation. 90% of the 500 images are
used for training in one step, and 10% are used for testing. Similar to the ﬁrst set of the experiments, the
average performance of ten repeated classiﬁcation processes is taken for all the classiﬁers. Fig. 6 shows
an interesting overall ﬂow of the performance in terms of accuracy. The DL classiﬁer also has the best
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performance over the eight classical classiﬁers, with a slight accuracy improvement of 94.5%. The best
performance among the classical classiﬁers is recorded for the Random Forest classiﬁer with an accuracy
of 94%. The Adaboost J48 classiﬁer is second with an accuracy of 93.8%. The other classical classiﬁers
have moderate performances ranging between 88.8% and 93.3%. The lowest accuracy is recorded for the
Naïve Bayesian classiﬁer, as shown in Fig. 6 and further illustrated in Tab. 2.
Deep Learning
Random Forest
J48
Adaboost J48
KNN Classifier
SVM
Logistic Regression
Naïve Bayesian
Bayesian Network
85.5 86.5 87.5 88.5 89.5 90.5 91.5 92.5 93.5 94.5

Figure 6: Cross validated accuracy of COVID-19 versus Pneumonia Virus with Auto Color Correlogram
Features
Table 2: Cross Validated Accuracy of COVID-19 versus Pneumonia Virus with Auto Color Correlogram
Features
Classiﬁer

10-Folds Accuracy

Bayesian Network
Naïve Bayesian
Logistic Regression
SVM
KNN Classiﬁer
Adaboost J48
J48
Random Forest
Deep Learning

92.4
88.8
91.6
92.4
92
93.7
93.2
94
94.5

For the comparison between the DL and the Random Forest performances, it is noticed that only a slight
improvement has been made by the DL classiﬁer, which again raised the same question already noted in the
ﬁrst set of experiments. Therefore, a tradeoff between the improvement made by the DL classiﬁer and the
extra processing resources used is crucial. Decision-makers should have a valid justiﬁcation to the use of
additional processing resources and whether they are worth the cost? We believe that DL might be
suitable for large datasets, but it provides a minimal advantage compared to the classical approaches for
small datasets. We also note that the separating boundary between COVID-19 and Pneumonia Virus is
complex compared to the COVID-19 versus normal cases. This is clear from the highly accurate model
of 97.5% for normal versus COVID-19 cases. For the COVID-19 versus Pneumonia Virus, we get a
maximum separating boundary with an accuracy of 94.5%, which is slightly lower than in the ﬁrst scenario.
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5.3 Pneumonia Bacteria/Pneumonia Virus
The evaluation of the Pneumonia Bacteria infected cases versus the Pneumonia Virus cases is performed
in the third set of experiments. It also follows a similar pattern as that of the ﬁrst and the second set of
experiments, as shown in Fig. 7. The dataset used for these experiments consists of 250 images of
Pneumonia Bacteria infected cases and 250 images of the Pneumonia Virus cases. Like the previous
experiments, 90% of the 500 images are used for training in one step, and 10% are used for testing. The
average performance of ten repeated classiﬁcation processes is taken for each of the nine classiﬁers.
Fig. 7 and Tab. 3 present the average performance of each classiﬁer. The same set of classiﬁers is used in
all sets of experiments. Unlike the previous experiments, the DL classiﬁer does not perform better than
the classical ML Random Forest classiﬁer. Both classiﬁers have the same performance of 75%. Using a
DL classiﬁer will thus lead to using unnecessarily large processing resources. In this case, the DL does
not represent the best solution for the decision-makers. It may not always be the case, as such a situation
is subject to different factors where the dataset is one of them. As noticed in the earlier experiments, the
DL classiﬁer demonstrated better performance.
Deep Learning
Random Forest
J48
Adaboost J48
KNN Classifier
SVM
Logistic Regression
Naïve Bayesian
Bayesian Network
59

61

63

65

67

69

71

73

75

Figure 7: Cross validated accuracy of Bacterial Pneumonia versus Pneumonia Virus
Table 3: Cross validated accuracy of Bacterial Pneumonia versus Pneumonia Virus with Auto Color Correlogram
Features
Classiﬁer

10-Folds Accuracy

Bayesian Network
Naïve Bayesian
Logistic Regression
SVM
KNN Classiﬁer
Adaboost J48
J48
Random Forest
Deep Learning

70.6
65
72.2
71.2
67
73.2
73.8
75
75

Another crucial point is that the best performance accuracy among all the used classiﬁers is 75%. It
means that there is still an opportunity to improve the accuracy of the classiﬁers by considering other
inputs. Different classical classiﬁers have moderate performance values ranging between 65% for the
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Naïve Bayesian classiﬁer and 74% for the J48 classiﬁer. This is the second time that the Naïve Bayesian
classiﬁer has the worst performance among the classical classiﬁers. It is an interesting point that needs to
be investigated in further experiments.
We also note that the separating boundary between Pneumonia Bacteria and Pneumonia Virus is
complex compared to the COVID-19 versus normal cases and the COVID-19 versus Pneumonia Virus. It
is clear from the highly accurate model of 97.5% for normal versus COVID-19 cases. For the Pneumonia
Bacteria versus Pneumonia Virus, we get a maximum separating boundary with an accuracy of 75%,
which is comparatively lower than that for the COVID-19 versus normal cases and the COVID-19 versus
Pneumonia Virus cases. Through visual analysis, we observed that even with the naked eye, it is apparent
that the diseases of Pneumonia Bacteria and Pneumonia Virus have almost similar graphic patterns, which
means that further inputs are needed to improve the accuracy of the classiﬁer.
6 Conclusion
The fast and early prediction of COVID-19 infected cases is necessary to prevent the spread of the
disease through a population. This study proposed a DL-based approach to detect the COVID-19 positive
patients from Chest X-ray images obtained from normal and Pneumonia patients to predict COVID-19
patients automatically. The proposed model has achieved a maximum accuracy of 97.5% for COVID-19
versus Normal cases. We believe that the extensive experimental evaluation performed in this article will
facilitate for radiologists the creation of decisions in clinical observations using ML approaches alone. We
also noted that the separating boundary between Pneumonia Bacteria and Pneumonia Virus is complex
compared to the COVID-19 versus normal cases and the COVID-19 versus the Pneumonia Virus cases.
For the Pneumonia Bacteria versus Pneumonia Virus, we get a maximum separating boundary with an
accuracy of 75%. It is comparatively lower than that for the COVID-19 versus normal cases and the
COVID-19 versus Pneumonia Virus cases. Through visual analysis, we observed that even with the
naked eye, we could see that the disease of Pneumonia Bacteria and Pneumonia Virus have almost
similar visual patterns, which means that further inputs are needed to improve the accuracy of the
classiﬁer. In subsequent studies, the classiﬁcation performance of various CNN models can be applied
while increasing the number of COVID-19 X-ray images. It may help improve performance in all
combinations and learn an accurate boundary in Pneumonia Bacteria and Pneumonia Virus scenarios.
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