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ABSTRACT

of accuracy rate.

COVID-19, one of the most highly transmissible diseases in the twenty-first century, has had a profound impact on
global lifestyles. Recently, the medical industry has increasingly relied on machine learning, which shows promise
in anticipating the presence of COVID-19. By using machine learning techniques, test result turnaround time can
be accelerated, and medical personnel can promptly attend to patients’ needs. These algorithms analyze various
attributes to classify COVID patients and predict their likelihood of contracting the disease. This study aims to utilize
X-ray images processed by machine learning algorithms to predict the occurrence of COVID-19 and enhance its
detection rate. The paper outlines two strategies employing machine learning techniques: one for predicting the
likelihood of infection and the other for identifying positive cases. Different machine learning algorithms, such
as decision trees, logistic regression, support vector machines, naive Bayes, and artificial neural networks, were
employed. The simulation results reveal that the artificial neural networks model outperforms other methods in terms
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1. INTRODUCTION

Wauhan, a city in China, announced in December 2019 the first
incidence of COVID-19, which then quickly spread to many
other countries [1]. The revolutionary technology namely,
artificial intelligence (AI), has found numerous uses in in-
dustries ranging from the medical industry. The utilization
techniques like machine learning (MaL) and deep learning
(DeL) improves scientists’ ability to identify and analyze
common variations that will result in disease. Machine learn-
ing (MaL)-reliant techniques have the potential to accurately
forecast the disease’s progression and handle vast volumes of
data effectively. These techniques offer valuable assistance
in various areas, such as monitoring COVID cases, predict-

ing outcomes, creating informative dashboards, diagnosing
patients, prescribing appropriate medications, and even facili-
tating measures like social distancing to control the spread of
the virus.

These techniques include common algorithms such as Con-
volutional Neural Network (CNN), in particular, are efficient
methods for representation learning using multilayer neural
networks [2], and they have produced outstanding perfor-
mance solutions to a variety of problems in image catalogu-
ing, decision creation, and object detection. Deep learning
systems typically involve a number of processes, the most cru-
cial of which is the classification of features and performance
evaluation. The general DeL-reliant COVID-19 diagnostics
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pipeline is described as follows: a specific model is developed
using training data, and it is then tested against output data
and validated against validation data.

2. RELATED WORK

It is well known that to get an optimal solution for any linear
programming problem using the direct simplex algorithm
should be processed to be in standard form; the simplex
method for solving an LP problem requires the problem to
be expressed in the standard form. But not all LP problems
appear in the standard form. In many cases, some of the
constraints are expressed as inequalities rather than equations.
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Figure 1. Covid and Non-Covid Subsets Sample Images.

The mining and cataloguing of characteristics are a crucial
step during diagnosing COVID-19. When applied the DeLL
technique, it is possible to extract numerous operations, and
classification is carried out using class labels. The exploration
of MaL and DeL techniques improves scientists’ ability to
identify and analyze common changes that will result in dis-
ease. Figure 1 displays the detection components from the
COVID-19 and normal pictures, respectively. These images
indicate that the segmented chest X-ray images of COVID-19
patients are comparatively smaller than the original patient
X-ray pictures. The discovery of the COVID-19 coronavirus
is now a critical undertaking for medical professionals and
researchers.

In Wang et al.’s study [2], a DeL system relied on radiographic
alterations of COVID-19 images obtained as output of CT
scan. This system aids in inferring the graphical features of
COVID-19 well before infective testing, which significantly
speeds up the verdict of the illness. The chest X-ray and
CT can reveal symptoms similar to pneumonia, according to
Hamimi’s research [3] of MERS-CoV. According to Huang
et al. [4], who established the clinical features on 41 COVID-
19 patients, cough, heaviness, myalgia, or exhaustion were
typical start symptoms. The chest CT scan for the 41 patients
showed an abnormality and both had pneumonia.

A DeL system was created to inevitably slice all utilizing
chest computed tomography (CT) to detect lung infections
in a Shan et al. study [5]. In order to build an early proto-
type for the diagnosing COVID-19 viral contaminations in a
steady setting, Xu et al. [6] used CT scans and in-depth educa-
tion methodologies. The first proof of COVID-19 spreading
through infected persons was made public by the Kok-KH
squad at the University of Hong Kong [7]. Zhao et al. [8]

developed a mathematical prototypical to ascertain the actual
recorded COVID-19 infected cases during the first part of
January 2020. It was inferred that 469 occurrences that were
not documented between January 1, 2020 and January 15,
2020. Instances doubled in number after January 17, 2020,
they added.

A mathematical approach was suggested by Tang et al. [9]
to find out how likely it is that COVID-19 will spread. They
found that 6.47 straightforward reproductions were feasi-
ble. A 7-day estimate of confirmed cases was also provided.
In [10], the authors suggested a prototype for evaluating the
COVID-19 death risk. The estimations are 5.1 percent and 8.4
percent for two different examples. Both scenarios’ reproduc-
tive numbers were calculated to be 2.1 and 3.2, respectively.
The COVID-19 pandemic has been predicted to observe the
entire body for identifying fractures, pneumonia, bone dislo-
cations, lung poisons, and polyps using X-ray images.
Based on 565 Japanese collected from Wuhan residents who
were displaced, for forecasting the COVID-19 afflicted cases
in Wuhan on January 29-31, 2020, Nishiura et al. [11] rec-
ommended a model forecast. They assume that the real rate
will be 9.5% and that between 0.3 and 0.6% of people would
die. However, the count of Japanese residents who were
uprooted from Wuhan is inadequate to compute infection
and fatality rates due to its small size. Additionally, they
anticipated the finest result after January 23, 2020. The au-
thors in [12] utilized 47 patients’ data to estimate COVID-19
sustainable human-to-human transfer. The author inferred
that although 0.4 is communicated, 0.012 percent is spread
if hospitalization effects take half as long to manifest as test
findings.

Modern X-ray technology called CT scanning examines the
internal soft tissues and organs of the body, which are very
transparent and soft in nature [13]. Compared to CT, radiation
is simpler, more powerful, more efficient, and less dangerous.
Mortality may rise if infection of COVID-19 is not identified
and treated right away. By examining a chest X-ray image,
a pre-trained transmission model, and a deep convolution
network, we have demonstrated an automatic COVID-19
prevision. The J48 procedure was utilized to classify the
deep features in these deep-sensed models. Deep-learning
models affect the parameter tweaking. Ukwuoma et al. [14]
proposed a deep-learning framework for COVID-19 predic-
tion from chest X-ray images. The authors in [15] explored
DeL and multi-objective optimization to identify people with
the coronavirus by means of X-ray pictures. To effectively
identify filthy patients, the J48 decision-tree technique cat-
egorizes the in-depth properties of infected X-ray pictures.
Eleven different CNN-based replicas were created in this
learning to recognize individuals with coronavirus pneumo-
nia from X-ray images. Additionally, the CNN deep learning
representation’s parameters are specified using a sovereign
penguin-based optimization through different goals. The au-
thors in [16] exploited the application of a DeL system to
recognize the presence of COVID-19 infections using chest X-
ray pictures. This review took advantage of the CNN model’s
ability to excerpt features through input images and foresee
the presence of COVID-19 infected P-cases. In this article,
we seek to recognize the existence of the COVID-19 disease
and use machine learning systems to improve its detection
rate.
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Senthil Kumar T et al. (2022) utilized an imageries deepening
and related thinning procedure on the imageries to extract
the performance evaluation standards and rise precision [20].
Kumarganesh et al. (2018) recommended an ANFIS classifier
approach may be utilized to find faulty portions from basis
images with a precision of 96.0% [21]. A GA-based CNN cat-
egorization procedure was planned by Elayaraja et al. (2022)
to segment the recognized area in the images, and it reached
99.37% sensitivity (Se), 98.9% specificity (Sp), and 95.21%
accuracy (Ac) [22]. For the determination of recognizing
and segmenting image imperfections, Thiyaneswaran B et
al. (2020) suggested the k-mean clustering method and at-
tained a mean accuracy of 90.0% [23]. An ANFIS (Adaptive
Neuro Fuzzy Inference System) categorizer process was sug-
gested by Kumarganesh et al. (2016) for the categorization
of imperfect portions from the basis pictures, and it attained
93.07% sensitivity (Se), 98.79% specificity (Sp), and 97.63%
tumour-segmented accurateness (Ac) [24]. Kuzinkovas and
Clement [25] studied ensemble CNN techniques for detect-
ing COVID-19 in chest X-ray images. Marefat et al. [26]
presented CCTCOVID, a compact convolutional-transformer
approach for COVID-19 detection using chest X-ray images.

2.1 Motivations

v' This virus has caused us a great deal of suffering over the
last two years, therefore that is why it developed.

v The findings will be extremely sensitive when using ML.

v This will make it easier for people to identify those who
are impacted.

v' A trusted party should formulate, rearrange and clean the
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information to be appropriate for perfect training. Never-
theless, the process of handling data to build the model
can potentially compromise data privacy.

v Conventional machine learning models usually require
a significant amount of time to be developed with satis-
factory accuracy, causing potential delays for businesses,
particularly newly established ones.

v' For traditional machine learning to produce a model with
sufficient accuracy, a significant amount of historical data
must also exist.

3. PROPOSED SYSTEM

The system architecture displays the user viewing a picture,
analyzing an image, and producing output, and it also in-
cludes a module for training and prediction. The dataset was
acquired from GitHub and Kaggle for the proposed COVID-
19 detection model’s training process and testing process.
The procedure for training has been provided the go-ahead to
patch images using a pre-trained CNN model during testing.
The person’s COVID-19-affected X-ray image will be evalu-
ated by integrating the pre-trained model with the evaluation
model, as depicted in Figure 2.

Datasets can be trained using ML in the training module, and
photographs will be input according to the training in the
prediction module. These images will display results such
as COVID-19-infected positive cases (P-cases) and negative
cases (N-cases). The prediction model receives the image as
input once the user selects it from the local disc. Then, the
block of analysis determines if the image is P-case or not.
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Figure 2. Vital components of the proposed method.

The workflow of the suggested investigation is publicized in
Figure 3. It starts with the collection of the primary dataset,
which consists of two picture classes: one class of images
belongs to COVID-19-infected P-cases, and the other class
of images belongs to healthy individuals. The concerned
medical experts examined the dataset in the next immediate
stage of the study and eliminated some of the X-ray images
that were unclear based on diagnostic constraints and quality.
Because each X-ray image was of high quality and was clear
based on important diagnostic characteristics according to
their experience, the resulting dataset was highly clean.

During the third stage, the dataset was expanded by exposing
conventional augmentation methods. The realtime dataset
which was collected was utilized to train the model. Follow-
ing training, the model’s capability to identify diseases was
evaluated. Both the validation dataset and the test dataset
from the main dataset was used to test the proposed CNN.
The data flow model of the proposed model is elaborated as
dataflow diagram in Figure 4.
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Figure 3. Detailed model of the Proposed method.
Table 1. Dataset used for validating the proposed model.
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Figure 4. Dataflow diagram of the Proposed method.

4. RESULTS AND DISCUSSION

The system being suggested allows us to capture real-time
images and use them as input for pre-processing. From these
pre-processed video images, crucial facial expression features
will be extracted.

4.1 Dataset Description

We integrated two diverse data collection to increase the sam-
ple size for our research. Kaggle was used to collect the initial
dataset. We retrieved the database of viral pneumonia, nor-
mal, and chest X-ray pictures for COVID-19 positive cases.
During real-time data collection, 250 COVID-19 P-case im-
ages and 1,450 images that were normal. As it is possible
to lead the system astray, downloading viral pneumonia pho-
tos allowed us to evaluate our model’s ability to distinguish
COVID-19 P-cases from other infections like illnesses. The
total count of X-rays used during training, testing, validation
is listed in Table 1.

4.2 Pre-Processing Phase

The preparation of test data plays a vital role in constructing
an ML model. Often, the acquired data contains missing
values, out-of-range numbers, and other uncontrolled data,
which can potentially bias the results of an experiment.

v" To manage missing values in our data, we employed the
simple imputer function from the Sklearn Python library.
The mean strategy is used to replace the missing values.
One Hot Encoder, a Python programme that processes
categorical data and produces encoded categorical data.
Data Repetition—repetition of data to simulate a client
base.

Data Shuffle—data is shuffled to prevent repeating results.
Data batching—to improve performance, data are divided
into groups.

Flattening array datasets to 1D array datasets is data map-
ping.

Pre-fetching of data—memory caching of data to improve
performance.

N N SN NN

4.3 Training and Testing

Positive cases, viral pneumonia, and ordinary cases of X-ray
pictures are collected as the dataset is constructed using Kag-
gle. The prediction model is trained and tested using the
dataset. The testing module uses the last 30% of the dataset
after the training module has used 70% of it. The CNN model
is a particular kind of ANN mainly exploited for image pro-
cessing and recognition that is made specifically to handle
pixel data. Technically, a sequence of convolutional layers,
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pooling, and filters are given as input an X-ray image. Using
probabilistic numerical values between O and 1, an object is
classified utilizing the Softmax function. This is done in order
to train and also test the deep-learning-reliant CNN models.
Convolutional layers were added and the outcome was exam-
ined incrementally after starting with a single convolutional
layer. The simulation of the suggested prototypical is given
in Figure 5.

Various performance metrics are exploited to validate the
effectiveness of various machine-learning schemes as listed
in Equations 1-3.

A TN+ TP 0
ccuracy =

¥~ IN+TP+FN+FP
Sensitivit P 2)
ens =—

itivity TP FN

TN

Specificity = ———— 3
pecificity TN £ EP 3

Where, true positive (TP) corresponds to the total number of
tests accurately identified as COVID-infected patients. False
positive (FP) indicates the total number of tests mistakenly
identified as COVID-infected patients. True negative (TN)
refers to the total number of tests correctly recognized as
COVID-uninfected patients. False negative (FN) signifies
the total number of tests inaccurately identified as COVID-
uninfected patients.
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Figure 5. Simulation of the proposed model through Google co-lab.
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Figure 7. Performance Analysis based on Accuracy rate.
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Figure 8. Sensitivity rate the various machine learning algorithms.

The simulation values for a number of models are shown in
Figures 6, 7, and 8. The findings indicate that the artificial
neural network (ANN) model exhibits superior accuracy of
97.01% when compared to other classification models con-
cerning the performance criterion, which is accuracy.

In light of metrics like sensitivity and specificity, decision
tree outperforms other methods. Also, the decision tree
and ANN methods produce better classification for COVID-
19 detection, with respect to sensitivity and specificity of
95.90%, and 95.31%. The X-ray chest imageries of healthy
and coronavirus-affected individuals are used by CNN’s DeLL
algorithm to precisely diagnose the presence of COVID-19.

5. CONCLUSION

Since its initial identification, COVID-19 has presented a risk
to human well-being and also influenced the fiscal growth
of a country. The virus parades comparable behaviors to
any other virus-related pneumonias. The infection spread
quickly as a result, making it impossible to maintain control
of the situation. Clinical experiments show that the COVID-
19 X-ray imaging results show distinct findings. Thus, we
suggested an ML-reliant COVID-19 detection model to en-
hance its accuracy rate, which helps clinicians to offer better
medical service to the infected people as quickly as possible.
According to the simulation findings, the accuracy rate for
the decision-tree-based method, logistic regression, SVM,
and the Naive Bayes methods is 96.95%, 95.43%, 95.27%,
and 94.98%. But the ANN model performs better than other
approaches, with an accuracy rate of 97.01%.
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