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ABSTRACT
The global catastrophe known as COVID-19 has shattered the world’s socioeconomic structure. Effective and affordable diagnosis techniques
are crucial for better COVID-19 therapy and the eradication of bogus cases. Due to the daily upsurge in cases, hospitals only have a small
supply of COVID-19 test kits. The study describes a deep Convolutional Neural Network (CNN) design for categorizing chest x-ray images in
the diagnosis of COVID-19. The lack of a substantial, high-quality chest x-ray picture collection made efficient and exact CNN categorization
problematic. The dataset has been pre-processed using an image enhancement strategy to provide an effective training dataset for the proposed
CNN model to achieve performance. The proposed model achieves 99.73% of accuracy, 98.95% of specificity, 99.47% of precision, 99.62%
of sensitivity, and 98.71% of F1 score. A comparative study between the proposed model and numerous CNN-based COVID-19 detection
algorithms is carried out to demonstrate that it outperforms other models. When evaluated on a separate dataset, the suggested model excelled
over all other models, generally and explicitly.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0200397

I. INTRODUCTION

The emergence of COVID-19, caused by the novel coronavirus
SARS-CoV-2, has triggered a global catastrophe of unprecedented
proportions. Its rapid spread across continents has not only over-
whelmed healthcare systems but also profoundly disrupted the
world’s socioeconomic structures. Effective and affordable diagnos-
tic techniques have become paramount in managing the pandemic,
ensuring appropriate therapy, and preventing the proliferation of
false-positive cases. Among the daily upsurge in infection rates,

healthcare facilities have grappled with the limited availability of
COVID-19 test kits, exacerbating the challenges faced in curbing the
virus’s spread.

The COVID-19 pandemic has become one of the most seri-
ous concerns for public health in recent years.1 In March 2020,
the World Health Organization (WHO) proclaimed COVID-19 a
global pandemic. Thousands of people have been impacted by the
COVID-19 pandemic. It has an impact on both daily life and the
world economy. Respiratory, gastric, and neurological symptoms
may be brought on by COVID-19.2 The most frequent symptoms
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include coughing, fever, and several respiratory infections. As a
result, from a few hundred cases (mostly in China) in January 2020
with more than 42 × 106 cases globally distributed in November
2020.3 As the number of COVID-19 infections increasing, there are
6.7 × 106 deaths reported until January 2023 as shown in Fig. 1.4
Due to the lack of early detection methods globally and the pres-
ence of medical preconditions including cancer, chronic liver, lungs,
renal disorders, and diabetes, COVID-19 is still a fatal disease. Real-
time reverse transcription polymerase chain reaction (RT-PCR)
is one of the most frequently utilized tests for COVID-19 detec-
tion.5 Although RT-PCR detection methods are widely accessible
worldwide, underdeveloped nations still lack the financial means
to rapidly screen all of their citizens.6 However, there are a few
restrictions on this test. A few hours to two days are needed to find
COVID-19. The test kit is also not generally accessible. In addi-
tion, it is not particularly trustworthy7 since it has the potential to
produce false negative results, misclassifying COVID-19 patients as
unaffected and normal. As a result, the healthcare system and med-
ical professionals are having significant difficulties combating this
pandemic.

Patients with COVID-19 can have their lungs imaged using
x rays and computed tomography (CT) scans. Lung imaging can
show the geographical location of niduses and the severity of
the infection. CT pictures are highly sensitive and have a quick
turnaround time.8 They are able to see how badly the lungs are
infected. Numerous researchers have employed artificial intelligence
and computer vision to categorize x ray or CT pictures based on
the important COVID-19 properties. The COVID-19-free images
and the COVID-19-infected images are separated into two cate-
gories. Other researchers separated images into COVID-19-infected,
pneumonia-infected, and healthy groups.9 Based on the characteris-
tics of x ray or CT scans, some algorithms can determine the severity
of the illness. This research aims to help doctors in precisely and
rapidly diagnosing COVID-19.

Machine learning approaches have proved the usefulness and
better performance of artificial intelligence (AI) in automated pic-
ture categorization problems, and it is currently being utilized to
facilitate the diagnosis of several diseases.10–14 In particular, Con-
volutional Neural Networks (CNNs) have already been commonly
employed by the research community because it has been demon-
strated to be incredibly effective in feature extraction and learn-
ing. Due to the accessibility of deep CNNs and the encouraging
outcomes, they have demonstrated in various applications, deep
learning approaches on chest x rays are becoming more and more
popular. In addition, there is a wealth of information available for
training various machine-learning models. The procedure has been
greatly streamlined by the use of transfer learning technology, which
allows a highly deep CNN network to be swiftly retrained using a
relatively small number of images.

This research addresses a critical aspect of the battle against
COVID-19 by proposing a deep CNN architecture for the clas-
sification of chest x-ray images to diagnose COVID-19. Accurate
and efficient diagnosis through chest x-ray images holds immense
promise as a complementary tool for COVID-19 detection, particu-
larly in cases where molecular testing resources are scarce or when
rapid diagnosis is imperative.

However, achieving a highly efficient and precise CNN clas-
sification model for COVID-19 diagnosis has been a formidable
challenge, primarily due to the lack of a sufficiently large and high-
quality chest x-ray image dataset. In response, this study employs a
robust pre-processing and image enhancement approach to curate
an effective training dataset for the proposed CNN model, thus
ensuring its optimal performance.

Medical image enhancement is required to aid physicians in
providing accurate disease diagnoses.15,16 A variety of techniques are
employed in the image enhancement process to enhance an image’s
aesthetic appeal, such as reducing blur and noise from the image to
boost contrast and reveal more of the image’s details. The primary

FIG. 1. Statistics of confirmed new COVID-19 cases from John Hopkins University.
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goal of image enhancement is to increase interoperability or percep-
tion of image information for human viewers or feature extraction.
By altering the input image’s pixel intensity, enhancement produces
an image that is qualitatively better than the original image. The
information should not be changed during the image-enhancing
procedure.

For the purpose of identifying COVID-19 from chest x ray
(CXR), Oh et al.17 employed gamma correction enhancement and
Histogram Equalization (HE) approaches. For the diagnosis of
COVID-19, they suggested a patch-based convolutional neural net-
work technique with only a few trainable parameters, and it demon-
strated 92.5% sensitivity. A three-channel technique and a VGG-19
pre-trained network are proposed by Heidari et al.18 using 8474 CXR
pictures that included COVID-19, community-acquired pneumo-
nia, and normal patients. The augmented CXR and original images
were employed in the three-channel technique, which successfully
classified COVID-19 images with 94.5% accuracy. It can be con-
cluded from the aforementioned studies, and several models are
developed and validated using a small dataset. As a result, a large
dataset may be used to examine image-enhancing approaches and
compare their performance to that of the original x-ray image-based
performance. Since the results cannot be guaranteed to be replicated
when these models are tested on a larger dataset, it is challenging to
characterize their findings.

This research is arranged as follows: The recent research on
COVID-19 detection based on CNN from CT scans or chest x-ray
radiology images is summarized in Sec. II. Section III explains the
proposed CNN model, and Sec. IV provides the dataset, results, and
comparative analysis. Section V concludes with remarks and future
perspectives.

In light of the ongoing battle against the pandemic and the
pressing need for accurate and accessible diagnostic tools, our
research contributes a significant step forward in the development
of image processing solutions for COVID-19 detection, compared
with other research solutions. The results presented herein offer
not only a promising avenue for enhanced diagnostic accuracy but
also a potential resource-efficient solution to alleviate the burden on
healthcare systems worldwide.

II. RELATED WORKS
To better comprehend the subject under discussion and present

the most recent information, this section gave an overview of vari-
ous connected studies. One of the best deep learning (DL) models,
convolutional neural networks (CNNs), have demonstrated their
superiority to traditional approaches in several fields, including clas-
sification tasks and pattern recognition.19 Although several scholars
have considered computed tomography (CT) images, few academics
have presented various DL models for the category of chest x-ray
(CXR) images. The symmetrical pattern of peripheral hazy lung
opacities and air space consolidation are visible on chest x-ray (CXR)
images of COVID-19 patients.20 The chest x ray is the preferred
imaging technique when COVID-19 is suspected as shown in Fig. 2.
CXR images are less expensive than CT scans, have a lower radi-
ation dosage, and can lower the danger of COVID-19 infection
during testing because it is portable and simple to clean. Even though
the sensitivity of CXR outcomes is only 69% in Ref. 21, accord-
ing to Wong,22 chest x rays can be utilized to establish the order
of treatment for COVID-19-infected individuals. Chest x-ray diag-
nosis can help the overburdened healthcare system even during the
COVID-19 pandemic.

To improve AlexNet, Oh et al.23 implemented CNN to learn
transfer. For images with a single intensity, the first layer of AlexNet
is substituted. The enhanced AlexNet architecture was used by Kaur
et al.24 Parameters are optimized using the Strength Pareto evolu-
tionary algorithm-II (SPEA-II). To categorize chest x-ray pictures,
Narin et al.25 evaluated different layers of ResNet. The most effec-
tive classification performance is offered by ResNet50. DenseNet201
did well in the investigation of Chowdhury et al.26 when identify-
ing chest x-ray pictures with image augmentation. Hernandez et al.
used ResNet-50, DenseNet, and VGG-16 to apply transfer learning
in the study, fine-tuning them to increase accuracy.27 The attention
module was added by Sitaula and Hossain28 to the adaptive convo-
lution layer of VGG16. Three datasets of chest x-ray images from
the COVID-19 system were used for classification trials. GoogleNet
was used by Haritha et al.29 to categorize x-ray pictures and fore-
cast COVID-19. The angle transformation (AT) was originally used
to transform CXR images by Kaya et al.30 The images are then

FIG. 2. An illustration of normal and COVID-19 CXR images.
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trained using GoogleNet and LSTM. They eventually achieved a
higher accuracy rate. Haque et al. proposed a CNN-based model
for COVID-19 detection with precision of 96.72% and accuracy of
98.3%.31

To classify the three categories of COVID-19, pneumonia,
and normal with an accuracy of 96.06%, Fu et al.32 employed
UNet on chest segmentation and suggested the DenseANet model.
A two-step classification approach between COVID-19 and normal
was proposed by Aswathy et al.,33 and the accuracy was 98.50%.
Arora et al.34 used MobileNet to classify COVID-19 and pneumo-
nia patient groups, reporting a 96.11% classification accuracy. The
Fractal CovNet network was proposed by Munusamy et al.35 to
concentrate the CT image and carry out the classification task. It
combines the Fractal module and UNet. To classify three categories
of COVID-19, pneumonia, and normal chest x-ray images, Vinod
et al.36 suggested the Deep Covix-Net network; classification accu-
racy between COVID-19 and healthy using CT images was 97.00%;
the accuracy for classifying COVID-19 and pneumonia using x-ray
images was 96.80%.

As the COVID-19 outbreak threatens to frustrate healthcare
systems globally, CXR may be explored as a technique for diagnosing
COVID-19 if diagnostic performance with CXR is improved. The
major objective of this research is to propose a CNN-based method
to identify COVID-19 in chest x rays.

● To identify patients with COVID-19, the research proposes
a simple CNN architecture that extracts deep information
from CXR images.

● Initially, the images are pre-processed using contrast-limited
adaptive histogram equalization (CLAHE) which is an image
enhancement technique that improves the local contrast
and edges to improve the detection accuracy using CNN
architecture.

● This proposed CNN model achieves 99.73% of accuracy in
detecting COVID-19 infection trained on images from the
Kaggle dataset.37

III. PROPOSED METHODOLOGY
Using openly available data and CNN models, one of the

key objectives of this research is to produce accurate classification

results. The CXR pictures in the collection are initially pre-
processed for improvement. Then, the improved photos are fed
into a CNN-based deep learning model that is suitable for an
inquiry into COVID-19 image categorization. The main goal is to
compare existing deep-learning techniques for COVID-19 detec-
tion with the proposed simple deep-learning-based CNN model
to get the best accuracy on a small CXR dataset with high
performance.

A. Dataset preparation
The experiment is conducted using Kaggle, a chest x-ray

database that includes 10 192 (normal), 6012 (lungs opacity), and
1345 (viral pneumonia) images. Kaggle dataset is one of the best-
known public x-ray databases.37 It contains 3616 COVID-19 cases.
However, for this investigation, only COVID-19 (3616) and normal
(10 192) images are collected. Following image enhancement, CNN
architecture used the enhanced images in a ratio of 20% data for
testing and 80% for training. The Kaggle dataset is notable for its
substantial size, encompassing the total of 13 808 chest x-ray images.
It includes a diverse range of cases, such as normal cases, COVID-19
cases, and images depicting lung opacity and viral pneumonia. This
diversity is crucial for developing and evaluating machine learning
models for various lung-related conditions. One of the key strengths
of this dataset is its inclusion of 3616 COVID-19 cases. This is a sub-
stantial number of cases compared to many other publicly available
datasets. Given the unique challenges posed by COVID-19 and the
importance of accurate diagnosis, a dataset with a significant num-
ber of COVID-19 cases is valuable for training and testing models
specific to this disease.

Although the Radiological Society of North America (RSNA)
Pneumonia Detection Challenge Dataset primarily focused on pneu-
monia, this dataset contains a subset of COVID-19 cases, making it
suitable for comparative studies. The Mendeley COVID-19 Dataset
includes x ray and CT scan images and has been used in numerous
COVID-19 image analysis studies. Each of these datasets serves a
specific purpose and may be suited to different research questions
or experimental setups with very few data. In this research, Kag-
gle dataset is chosen based on their specific requirements, such as
the need for a larger COVID-19 case count and the inclusion of
additional lung conditions which overcomes the other dataset issues.

ALGORITHM 1. Data Preprocessing using CLAHE.

Input : - Chest x-ray image dataset with COVID-19 and normal cases (K) from Kaggle dataset.
- CLAHE parameters (e.g., clip limit, grid size).

Output: Enhanced image dataset
i is the number of images in K
n← 1
while n ≤ i do
Step 1 : image← READ(K(n)) # Read the nth image from the dataset
Step 2 : Enhance image←ApplyCLAHE(image, CLAHE_parameters) # Apply CLAHE to enhance the image
Step 3 : Save enhanced_image to the enhanced dataset
Step 6: n← n + 1
End While

AIP Advances 14, 035150 (2024); doi: 10.1063/5.0200397 14, 035150-4
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FIG. 3. Data Flow Diagram for Data Preprocessing using CLAHE.

B. Image enhancement using CLAHE
Adaptive Histogram Equalization is a better HE variant (AHE).

Small patches in the image are subjected to histogram equalization
in AHE, which increases the contrast of each patch independently,
as shown in Fig. 3. As a result, rather than employing the image’s
overall information, it improves localized contrast and edges in
each region based on the distribution of pixel intensities. AHE may
over-amplify the image’s noise component.38 The enhanced images
with Contrast Limited Adaptive Histogram Equalization (CLAHE)
appear more realistic than HE images. It is observed that the HE
approach can over-saturate some areas when used on the x-ray
images. The same methodology as AHE is used by CLAHE to over-
come this issue, but a threshold parameter controls how much
contrast enhancement can be produced within the chosen region.
Below is a simplified algorithm for the research described, focusing
on the data preprocessing step using the Contrast Limited Adaptive
Histogram Equalization (CLAHE) technique (Algorithm 1).

In the above algorithm, first, we read each chest x-ray image
from the dataset, apply the CLAHE technique to enhance it, and
save the enhanced image to a new dataset. The CLAHE parameters
(e.g., clip limit and grid size) were chosen based on the research
requirements.

This algorithm represents the crucial data preprocessing step
in the research, which enhances the quality of chest x-ray images
before feeding them into the Convolutional Neural Network (CNN)
for COVID-19 detection. Figure 3 illustrates the flow of data and
actions involved in enhancing chest x-ray images using the CLAHE
technique, which is a critical step in the research for COVID-19
detection.

First, the original image is changed from RGB (red, green, and
blue) to HSV (hue, saturation, and value) color space since the HSV
is more closely related to how people perceive color. Second, CLAHE
processes the value portion of HSV without altering the hue or sat-
uration. Each gray level is dispersed once again among the pixels
in the original histogram after it has been cropped. Each pixel’s
value is decreased until it reaches a preset limit. The image that has
undergone HSV processing is then converted back to RGB color

space. Then, using the CLAHE technique, images are normalized
and highlighted for classification models to examine small features.
The histogram of original and enhanced images is shown in Fig. 4,
and the design flow of image enhancement and CNN classification
is shown in Fig. 5.

1. CNN architecture
The proposed CNN architecture is shown in Fig. 6. RGB images

with a resolution of 128 × 128 × 2 are input into the CNN model to
train it. The convolutional layer is the top layer. The first layer’s ker-
nel is 3 by 3. Filters with a size of 5 × 5 and a stride of 1 are used
in the first three convolutional layers. The remaining two convo-
lution layers employ 3 × 3 kernels without any strides, totaling 64
across both layers. The dropout function helps to reduce the possi-
bility of overfitting and is used to activate each of these convolution
layers using the rectified linear unit (RELU) activation function (Af).
Dropout is a regularization technique where a predetermined num-
ber of hidden layers are arbitrarily disregarded or eliminated during
training. In this technique, training hyperparameters are calculated
and modified utilizing numerous parallel architectures with various
numbers of nodes and permutations. The random selection is car-
ried out in accordance with the probabilistic search strategy supplied
to the dropout function. The first two convolution layers in the pro-
posed approach employ a dropout rate of 0.2, while the last three
convolutions use a dropout rate of 0.1, signifying that during any
training set, 20% and 10% of nodes, respectively, will be dropped
out.

FCL is made up of 64 neurons in the proposed CNN archi-
tecture. To the second FCL, the first FCL transmits output acti-
vation. The input to the activation function (Af) is normalized
in this layer using the batch normalization. In the output layer,
the model finally uses “SoftMax” activation to predict the class
label between COVID-19 and normal images. Table I shows the
hyperparameters and overall architecture of the proposed CNN
model.

AIP Advances 14, 035150 (2024); doi: 10.1063/5.0200397 14, 035150-5
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FIG. 4. Histogram of original and enhanced images.

IV. RESULTS AND DISCUSSION
The test was conducted using Google Collaboratory. Google

Collaboratory is a cloud service for sharing information and work-
ing on machine learning that is built on Jupyter notebooks. The
use of Google Collaboratory benefits the research in several ways.

First, it provides a cloud-based platform for sharing information and
collaborating on machine learning projects, enabling researchers to
work together seamlessly. In addition, Google Collaboratory offers
access to a stable graphics processing unit (GPU) and a fully opti-
mized runtime for deep learning tasks, ensuring that researchers

FIG. 5. Design flow of the proposed COVID-19 detection.
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FIG. 6. Proposed CNN architecture.

TABLE I. Overview of the proposed CNN architecture.

Layer Kernel size Af Stride Input Output Parameters

Conv2D 24 ⋅ ⋅ ⋅ 2 128 × 128 × 2 62 × 62 × 24 2424
Conv2D 36 ⋅ ⋅ ⋅ 2 62 × 62 × 24 29 × 29 × 36 21 636
Con2D 48 RELU 2 29 × 29 × 36 13 × 13 × 48 43 248
Flatten ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ 8112
Dense ⋅ ⋅ ⋅ Softmax ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ 169

have the necessary computational resources to train complex mod-
els efficiently. This accessibility to powerful computing resources
enhances the scalability and reproducibility of the research, ulti-
mately contributing to the advancement of knowledge in the field
of deep learning.

The trained algorithms are evaluated using five-fold cross-
validation in order to compare various deep learning algorithms
classified CXR images under two different classes—COVID-19 and
normal. Five performance indicators, including accuracy (ACC),
precision (PR), sensitivity or recall (SN), specificity (SP), and F1
score, are used to compare the effectiveness of the proposed model
as represented in Eqs. (1)–(5). In the analysis, the proposed CNN
is performed on CXR images after image enhancement using the
CLAHE technique and achieved 99.73% of accuracy, 99.47% of pre-
cision, 99.62% of sensitivity, 98.95% of specificity, and 98.71% of F1
score, as shown in Table II. It is evident that COVID-19 detection
of pre-processed CXR images using CLAHE and CNN architecture

achieved the best performance when compared with CXR images
without pre-processing as shown in Fig. 7,

Acc = TP + TN
TP + TN + FP + FN

, (1)

PR = TP
TP + FP

, (2)

SN = TP
TP + FN

, (3)

SP = TN
TN + FP

, (4)

F1 − score = 2 x PR x SN
PR + SN

. (5)

TABLE II. Performance evaluation of the proposed CNN with and without CLAHE technique.

Method
Accuracy

(%)
Precision

(%)
Specificity

(%)
Sensitivity

(%)
F1-score

(%)

Without image enhancement 92.45 91 91.55 90.45 89.63
With image enhancement 99.73 99.47 99.62 98.95 98.71
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FIG. 7. Proposed CNN architecture.

The results obtained from comparing the performance of
the CNN models with and without CLAHE enhancement provide
insights into the impact of image preprocessing on COVID-19
detection accuracy. The conclusion drawn from this evaluation
highlights any observed improvements or limitations associated
with the use of the CLAHE technique in enhancing the performance
of the CNN model for COVID-19 detection from CXR images.

The performance of the proposed model is compared with
existing CNN models for COVID-19 detection as shown in Table III.
ResNet-5025 achieved 99.5% of accuracy, which is almost equivalent
to our proposed model with image enhancement. VGG19+CNN39

achieved 98.05% of accuracy trained on CXR images for detection
of our classes (Normal, Pneumonia, Lung cancer, and COVID-
19). The performance and reliability of the proposed system are
compared to existing and recent COVID-19 detection methods.
In comparison to earlier experiments, the model has the best
accuracy and precision values, but the values of specificity and

recall are almost similar. The proposed work has evaluated the
model against each of the four performance characteristics, but
the majority of research have not supplied information about all
four of them. The proposed method exhibits excellent perfor-
mance that is more efficient than existing approaches as shown
in Fig. 8.

The key performance indicators used to evaluate the effective-
ness of the proposed CNN model for COVID-19 detection in chest
x-ray images are accuracy (ACC), precision (PR), sensitivity or recall
(SN), specificity (SP), and F1 score. These metrics provide compre-
hensive insights into the performance of the model across different
aspects, including overall correctness, ability to correctly identify
positive cases, ability to avoid false positives, and overall balance
between precision and recall. By considering these metrics, we can
assess the robustness and reliability of the CNN model in accurately
detecting COVID-19 from pre-processed chest x-ray images using
the CLAHE technique.

TABLE III. Comparison of performance evaluation of various CNN models for COVID-19 diagnosis.

Ref Models
Accuracy

(%)
Precision

(%)
Specificity

(%)
Sensitivity

(%)
F1-score

(%)

Bharati et al. (2020)14 VDSNet 73 69 ⋅ ⋅ ⋅ 63 68
Huang and Liao (2022)11 LightEfficientNetV2 83.42 81.94 ⋅ ⋅ ⋅ 82.76 82.39
Jaiswal et al. (2020)39 COVIDPEN 96 96.4 ⋅ ⋅ ⋅ 87.1 94
Narin et al. (2021)25 ResNet50 99.5 98.3 99.8 98.8 98.5
Hernandez et al. (2020)27 ResNet50 + fine tuning 90.63 90.00 ⋅ ⋅ ⋅ 91.67 90.72
Rajawat et al. (2022)19 C-COVIDNet 97.5 95.1 96.2 95.1
Chowdhury et al. (2020)26 DenseNet201 97.94 97.95 98.80 97.94 97.94
Zhang et al. (2021)16 5L-DCNN-SP-C 93.64 93.96 94.00 93.28 93.62
Ibrahim et al. (2021)39 VGG19+CNN 98.05 98.43 99.5 98.05 98.24
Kaur et al. (2021)24 mAlexNet + SPEA-II 96.5 ⋅ ⋅ ⋅ 91.7 98.0 ⋅ ⋅ ⋅
Proposed work CNN 99.73 99.47 99.62 98.95 98.71
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FIG. 8. Comparison of the proposed CNN model with existing CNN models for detection of COVID-19.

FIG. 9. Model accuracy for training and testing (50 epochs).

The training accuracy and validation accuracy with regard to
epochs are displayed in Fig. 9. There were 50 iterations of the CNN
model run. The highest accuracy possible was 99.73% for training
and 99.33% for validation. These results showed that our model

FIG. 10. Model loss for training and testing.

learned effectively and could distinguish between COVID-19 and
normal cases with accuracy. According to Fig. 10, the CNN’s train-
ing accuracy has not changed after five epochs, and the CNN likewise
exhibits a constant validation accuracy after 25 epochs. The loss
experienced by CNN during training and validation is depicted in
Fig. 10. The validation loss becomes minimal after five epochs and
remains minimal until the last epoch, while the training loss of CNN
is minimal and steady from the first epoch.

Fig. 9 illustrates the model accuracy achieved during the train-
ing and testing phases across 50 epochs. The plot provides a visual
representation of how the accuracy of the deep learning model
evolves over the course of training, as well as its generalization per-
formance on unseen data during testing. This visualization offers
insights into the model’s learning dynamics, including potential
overfitting or underfitting tendencies, and provides valuable infor-
mation for evaluating its overall performance and effectiveness in
COVID-19 diagnosis.

V. CONCLUSION
The goal of this work is to show how COVID-19 may be

effectively and precisely diagnosed using CNN that was trained on
datasets of chest x-ray images. Numerous people have already passed
away as a result of inadequate care, inadequate facilities, or a lack of
early detection. Initially, the CXR images from the Kaggle dataset
are pre-processed using the CLAHE technique for image enhance-
ment. The pre-processed images are trained by using the proposed
CNN architecture. The model achieved 99.73% of accuracy, 99.47%
of precision, 99.62% of sensitivity, 98.95% of specificity, and 98.71%
of F1 score. The proposed work has evaluated the model against each
of the four performance characteristics, but the majority of research
have not supplied information about all four of them. The positive
findings of the proposed study will definitely facilitate the under-
standing of deep learning-based COVID-19 detection techniques
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based on CXR images. The authors are actively working on the
use of various cutting-edge data augmentation methods and algo-
rithms because of the tremendous impact that data augmentation
techniques have on model performances. The research strength lies
in its extensive dataset, with a substantial number of COVID-19 and
normal cases, robust image preprocessing using CLAHE, rigorous
cross-validation, and impressive model performance metrics. Future
research will concentrate on this direction as well as the creation and
assessment of multi-class classification models.
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