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Abstract 

In modern times, a disease known as COVID-19 that is highly contagious is continuing to have a 

profoundly negative influence on the people of the entire world. The fundamental purpose of the 

model that has been proposed is to improve its predictive capabilities while also providing an effective 

model for predicting COVID-19 that has a robust diagnostic. Image scaling and noise reduction are 

two examples of the types of pre-processing techniques that are used at the very first step. The 

adoption of picture scaling and median filtering techniques, both of which work to enhance the quality 

of the input data in preparation for further processing steps, allows this goal to be accomplished. 

Several distinct data augmentation strategies, like flipping and rotation, are utilized to improve the 

model's performance on a limited dataset and assist it in better comprehending the differences present 

in the training data. In this article, we will provide a unique Optimized Architecture for COVID-19 

Prediction (OACP) model to classify COVID-19 situations as either positive or negative effectively. 

Using CXR pictures, this novel method, based on a tunable deep learning technique called DenseNet, 

may predict the presence of COVID-19-positive patients. Based on the findings, it was determined 

that the proposed model utilized achieved better outcomes, with an accuracy of 98%. 

Keywords: COVID-19; Pre-processing Optimized DenseNet, CNN; Data augmentation, 

Classification. 

 

1. Introduction 

In December 2019, a coronavirus was discovered in Wuhan, China, marking the beginning of a big 

outbreak of a hitherto unknown viral disease. The International Committee on Taxonomy of Viruses 

(ICTV), an organization that researches the classification of viruses, has given the coronavirus the 

name Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). The COVID-19 virus-

caused disease is real, according to the World Health Organization [1]. COVID-19 belongs to a vast 

group of viruses that can result in human sickness, often of a severe and fatal nature. Among the 

available options, chest X-ray (CXR) stands out as the most readily obtainable and cost-effective 

choice. COVID-19 is classified as a prominent ribose nuclear acid (RNA) virus [2]. COVID-19 has a 

direct impact on the respiratory system, specifically the lungs, resulting in harm to the alveoli. 
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Furthermore, transmission of the virus occurs by interpersonal contact, with an incubation period 

ranging from 1 to 14 days [3]. The transmission of COVID-19 occurs by the inhalation of respiratory 

droplets and saliva in the air, as well as through direct or indirect contact with infected individuals [4]. 

Coronaviruses are to blame for both the Middle East Respiratory Syndrome (MERS) and the severe 

acute respiratory syndrome (SARS). There is an approximate 34% increase in the risk of death when 

these types are used. People have been infected with SARS-CoV-2, the seventh strain of the 

coronavirus. It comes after MERS-CoV, HCoV-NL63 (also known as Netherland 63), OC43 (Human 

Coronavirus OC43), and HCoV-229E (Human Coronavirus 229E). This strain has been shown to 

infect individuals subsequent to MERS-CoV [5]. The symptoms associated with COVID-19 include 

dizziness, dry cough, dyspnea, headache, diarrhea, exhaustion, and loss of taste and smell, as 

documented in many sources [6]. There is a variety of COVID-19 testing methods, with nasal aspirate 

and swab tests being the two most often employed methods. The nasal aspirate procedure involves the 

insertion of a saline solution into the nasal cavity, followed by the extraction of the sample through 

the application of gentle suction. A swab test is employed to obtain a specimen from the oropharynx 

or nasal cavity [7]. To diagnose COVID-19, you need to find positive results in blood samples using 

the reverse transcription (RT) polymerase chain reaction (PCR) or the nucleic acid amplification test 

on samples from the respiratory tract [8]. Medical imaging techniques such as computed tomography 

(CT) scans and chest x-rays (CXR) are commonly utilized for the purpose of detecting pneumonia in 

patients diagnosed with COVID-19 [9]. A chest X-ray (also known as a CXR) is a diagnostic imaging 

method that makes use of X-rays to provide a visual representation of the many organs and structures 

that are housed within the thoracic cavity. When it comes to evaluating how well the cardiovascular 

and respiratory systems are working, the image that was collected is of great assistance. There are a 

number of conditions that have the capability of having an effect on and modifying the anatomical 

composition of the lungs and the heart. CXR has the potential to visualize blood vessels, spinal bones, 

and cardiac structures, in addition to being able to produce images of the chest and lungs [10]. CXR 

is able to detect the existence of fluid accumulation in the pleural area that surrounds the lungs in a 

patient. Radiography of the chest from three different angles is a technique that is frequently used to 

evaluate individuals who have lung metastases [11]. The use of CXR imaging allowed for a speedy 

identification of the COVID-19 process [12], which had previously been elusive. The process of 

integrating a series of X-ray images taken of the human body from a variety of different angles is 

called a computed tomography (CT) scan. After these images have been saved on a computer, they 

are processed to create cross-sectional images that can be used to show objects inside the body, such 

as blood vessels passing through soft tissue inside the skeletal framework [13]. These images can be 

used to see things like this. The main idea behind a computed tomography (CT) scan is to figure out 

attenuation coefficients to get an idea of how much tissue an X-ray beam has passed through. It is 

possible for medical practitioners to detect and diagnose cases of internal bleeding and injury by 

making use of CT scans [14]. There are many different kinds of CT scans, some of which are focused 

on bones, such as bone CT scans, while others, including CT arthrography and CT angiography, 

examine other parts of the body. The sensitivity, comparability, and time efficiency of CT scans and 

CXRs are three of the most notable benefits of these diagnostic tools. The Computer-Aided Design 

(CAD) automated system is now being used with the aim of diagnosing COVID-19 through the 

examination of pictures received from CXR and CT scans. This is done by using the system to perform 

image analysis. In addition, the benefits include low cost as well as portability, increased speed, 

heightened sophistication, enhanced efficiency, and higher accuracy [15]. [16] The subfields of 

artificial intelligence (AI), known as machine learning (ML) and deep learning (DL), are two separate 

branches within the subject. ML is a topic of computational statistics that focuses on the utilization of 

computer systems to make decisions. It is strongly interwoven with other areas of science. The 

technology has widespread applications in many fields, including speech recognition, health, 

computer vision, and email filtering [17], to name just a few of those fields. Decision Trees, Logistic 

Regression, Support Vector Machines (SVM), Naive Bayes, Perceptron, and k-Nearest Neighbor 

algorithms are the types of machine learning classifiers that are used in the process of detecting 

COVID-19. The problems in data gathering, the potential for high error rates, and the complications 

in interpreting the results gained are some of the limits connected with machine learning [18]. Other 

limitations include time and resource constraints. In addition, the quality of the features that are 

extracted is the only aspect that plays a role in determining how accurate machine learning approaches 

can be when it comes to forecasting the outcomes of future occurrences. The subsequent selection of 

the qualities that are judged to be the most optimal and their incorporation into the process of machine 

learning both result in an increase in computational complexity. DL stands for deep learning and is a 

subsection of ML that focuses on the development of algorithms that contain multiple layers. The raw 
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input data is processed through each of these layers, which gradually extract higher-level features. 

Convolutional neural networks (CNNs), recurrent neural networks (RNNs), deep neural networks 

(DNNs), deep belief networks (DBNs), and deep reinforcement learning (DRL) are some of the 

fundamental components that make up the architecture of deep learning (DL). The analysis of medical 

images, the production of board game programs, machine translation, computer vision, 

bioinformatics, the manufacturing of medications, and the inspection of materials are only some of 

the applications that have made use of these structures. [19] The outcomes they produce are superior 

to those of human specialists with a similar level of training. In recent times, there has been a 

noticeable increase in the focus placed on the use of DL models in the classification of COVID-19 

based on CXR images. This strategy is beneficial because deep learning models have the capacity to 

independently acquire relevant features. As a result, it reduces the challenges that are connected with 

resolving complex issues that are largely focused on image classification. The challenges presented 

by COVID-19 can be evaluated using DL models on many different levels, including epidemiological, 

molecular, and medical domains [20, 21]. In the context of COVID-19, deep learning models and 

large amounts of data are deployed for the objectives of contact tracking and case detection. DL 

models have been utilized in the past to diagnose a variety of lung conditions by employing semi-

automated and automatic algorithms that search for irregularities within the body of a patient. 

Nevertheless, there is a possibility of inconsistencies occurring during the classification process due 

to the absence of procedures that are both dependable and precise. As a result, the application of an 

effective methodology is essential if one is to improve the classification accuracy of the COVID-19 

prediction. This work attempts to improve upon the existing body of knowledge on automatic 

classification models by focusing on the process of two-class categorization between images that are 

either COVID-19 positive or negative. In doing so, we want to add to the existing body of knowledge 

on automatic classification models. The proposed methodology employs an adaptable deep learning-

based prediction classifier (DenseNet) in the final step to classify both the CXR dataset and the CT 

dataset. The urgency to optimize patient care for COVID-19 has escalated significantly. In order to 

address this highly lethal illness, it is imperative to promptly and cost-effectively assess individuals 

who have been impacted. Radiological examination is often regarded as the most practical approach 

for achieving this goal.  

The primary contribution of the suggested method is outlined below in the following manner: 

• This study aims to provide a novel COVID-19 prediction model that enhances diagnostic accuracy, 

utilizing the OACP model as its foundation. 

• The pre-trained architecture DenseNet-201 by OACP Optimized has been improved using a new 

optimization method that cuts down on the number of layers. This makes the prediction 

performance better. 

• The imbalance present in the public dataset has led to the implementation of data augmentation as 

a strategy to address the issues it poses. 

The subsequent section of the document outlines the remaining framework of the paper. Section 2 

provides an overview of the relevant literature, encompassing various studies conducted in the field. 

The proposed methodology is briefly addressed in Section 3. The simulations conducted in Section 4 

aim to evaluate the performance of the suggested technique. Lastly, the conclusion and potential 

avenues for future research are presented in Section 5. 

 

 

2. Related Work 

 

Bhattacharyya et al. [22] presented a method for detecting COVID-19 that makes use of DL techniques 

in conjunction with CXR images. Even CXR pictures displaying normal conditions or pneumonia can 

be used to locate COVID-19 thanks to the combination of classification and segmentation in DL 

architecture, which produces an extremely effective method for doing so. The CXR images were used 

to train a conditional generative adversarial network (GAN), which was then used to use the pix-to-

pix method to separate the lung images. The Conditional Generative Adversarial Network, often 

known as the C-GAN, is made up of several different parts, one of which is the classification network 
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that has been trained. This method is utilized for the purpose of classifying images that have already 

been processed. After that, the images of the lungs were processed using a network-based method for 

the extraction of features. There were a few different DNNs that were built, including SCNN, 

DenseNet 160, VGG19, DenseNet 200, and VGG 16. Keypoint detection is done in a few different 

ways. Two of these are BRISK (for Binary Robust Invariant Scalable Keypoints) and SIFT (for 

Substitution of Hospital and Other Institutional Focus Technology). The data set that was utilized in 

this proposition was known as SCR data, which stands for silicon-controlled rectifier data. In order to 

identify photographs as belonging to various classes, the collected characteristics are enumerated 

through the use of several machine learning algorithms. These approaches include XG Boost (extreme 

gradient boosting), RF (radio frequency), SVM (support vector machine), and softmax. When the last 

layer of RF was applied alongside the BRISK key point extraction approach, the accuracy reached a 

maximum of 96.6% in almost all cases. The fact that a larger dataset was required in order to carry 

out an accurate performance evaluation was one of the drawbacks of the study. Shastri and colleagues 

[23] presented a COVID-19 classification approach that makes use of a deep convolution neural 

network and bases its findings on the examination of CXR pictures. The computer method that was 

utilized to locate COVID-19 by looking at digital photos of CXR used a three-class grouping binary 

approach, which means that the computer did all of the work on its own and no one had to interact 

with it. The ability of the systems to successfully process ever-growing datasets demonstrated their 

level of intelligence. The importance of COVID-19 in this field is highlighted by the fact that digital 

X-ray photos have been subjected to a variety of machine learning and DL approaches in order to 

detect the virus. The CXR image net model was utilized as part of the performance measurement for 

the Deep Convolutional Neural Network. In order to make a correct diagnosis of COVID-19, imaging 

modalities such as CXR and CT are utilized. The proficiency of the radiologist, which is said to be 

90%, is directly proportional to the accuracy of various diagnostic tests, which range from 80% to 

95%. The relatively low accuracy of the RT-PCR test was one limitation that was identified throughout 

the diagnostic process that was carried out by professionals in the medical field. Khan et al. [24] 

developed a classification algorithm for CXR pictures that makes use of DL techniques in order to 

identify instances of COVID-19. The application of cutting-edge technologies in deep learning 

approaches is becoming increasingly widespread across a variety of fields that are part of typical day-

to-day living. COVID-19 has been identified as a disease that has a high risk of spreading to others, 

whereas CXR has been determined to be safe to use in most situations. In order to complete the 

enumeration of COVID-19, we utilized MobileNetV2, EfficientNetB1, and NasNet Mobile, each of 

which is a distinct methodology. The augmented dataset was used for training deep learning methods, 

while two other training sets were used for classification purposes. The deep learning model was fine-

tuned for this proposal, and in addition, the hyper-parameters were also fine-tuned. This resulted in 

an improvement in the performance of the deep learning model that had been fine-tuned. This method 

distinguishes between lung capacity that has been impaired by COVID-19 and pneumonia that has 

been caused by viral infections, with a classification accuracy of 96.13%. One restriction observed in 

the study was that when larger datasets were employed, the classification task required more than four 

classifications. Alshazly et al. [25] proposed the use of DL methods with the aim of diagnosing 

COVID-19 via CT images. DL algorithms were utilized in the analysis of CT scans of the chest in 

order to facilitate the rapid and automated detection of patients who were infected with COVID-19. 

In the testing, a complete collection of two CT image datasets, specifically a SARS-CoV-2 scan and 

a COVID-19 CT, was utilized. The findings point to a greater degree of performance when the present 

model is contrasted with the one that came before it. On the COVID-19 CT dataset, the modified 

model attained mean values of specificity, sensitivity, accuracy, and precision that were 92.2%, 

93.7%, 92.9%, and 91.3%, respectively. It also earned an F1-score of 92.5%. On the dataset containing 

SARS-CoV-2, the equivalent values were 99.6%, 99.8%, 99.4%, 99.6%, and 99.4%, respectively. The 

collected characteristics effectively exhibit the visualization of distinct clusters, indicating the 

differentiation between CT images representing COVID-19 and non-COVID-19 cases. This is 

accomplished by demonstrating the differentiation between COVID-19 and non-COVID-19 

occurrences. The difficulty of correctly recognizing and localizing aberrant regions within CT scans 

was one of the obstacles that this idea ran into. This was one of the constraints that was encountered. 

Using X-ray and CT scans as training data. Maghdid HS et al. [26] developed a deep learning system 

for the purpose of identifying COVID-19. Through the examination of CT scans and CXRs, the CNN 

model has shown that it is effective in diagnosing the disease known as COVID-19. This was 

accomplished in conjunction with testing that was conducted before the model was trained. In spite of 

the great levels of specificity, sensitivity, and accuracy that were achieved in the process of detecting 

COVID-19, the data scientist made the decision to use a straightforward CNN model for the goal of 
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early diagnosis of the disease. For the purpose of prospective assessment of radiography images, the 

CNN model has shown that it is effective while also being user-friendly, and it requires a small amount 

of processing resources. In addition to this, the fact that it is compatible with smart phones makes it 

more easily accessible and usable. The development of more advanced ways for recognizing COVID-

19 disease through the utilization of CT or CXR imaging techniques has been made possible thanks 

to the building of a small-scale intervention, which has resulted in important life-saving outcomes for 

a number of different individuals. A level of accuracy of 94.1% was reached using the CNN model. 

The necessity for additional space that the performance model had was one of its many drawbacks. 

Ismael and colleagues [27] presented the diagnosis of COVID-19 by DL with CXR as the diagnostic 

tool. It is well established that COVID-19 can cause respiratory problems as well as pulmonary 

infections. For the purpose of classifying normal CXR and those showing indicators of COVID-19, 

the deep learning method known as pre-trained fine-tuning of CNN has been utilized in this proposal. 

This is done with the intention of achieving the aforementioned purpose. The goal of this strategy is 

to achieve accurate classification, and it accomplishes this by involving the collection of deep features 

as well as the training of a CNN model. CNN models that have been subjected to deep pre-training, 

such as ResNet50, VGG19, ResNet101, ResNet18, and VGG16, were used in the process of extracting 

deep features. The process of classifying deep features using SVM classifiers required the application 

of a variety of kernel functions, including Gaussian, linear, cubic, and quadratic, respectively. The 

archive has 360 images in total, including 200 pictures of people in perfect health and 180 pictures of 

people who have been identified as having COVID-19. The majority of the time, CXR images were 

applied to research endeavors. In contrast, the training end-to-end CNN model only achieved a 

performance of 91.6%, while the ResNet50 model, after undergoing fine-tuning, was able to achieve 

a performance of 92.6%. The acquired CXR photos for COVID-19 were not as thorough as the CNN 

models that were assessed for the goal of recognizing COVID-19, which is one of the drawbacks of 

the study. Deep learning classification strategies were applied to X-ray images by Chen Ji et al. [28] 

in order to develop a method for detecting COVID-19. This method was published. The CNN method 

displays increased accuracy in the detection process while still preserving efficiency and speed. The 

objective of this approach is to recognize and classify instances of COVID-19 within the framework 

of medical picture applications within the domain of deep learning. When it came to reliably 

identifying COVID-19 instances in the context of large rural communities, the CNN algorithm proved 

to be extremely useful. This was done with the intention of preventing the spread of the virus. This 

approach has a high level of success in reducing the likelihood that COVID-19 will harm people. In 

order to distinguish between the various illnesses that lung infections might cause, the study also 

integrated the use of cross-validation tenfold and confusion metrics. Therefore, a dataset consisting of 

X-ray pictures was used in order to test and train the CNN approach. The level of accuracy that was 

reached was 85%. The exploitation of datasets gathered from a variety of sources, which makes the 

construction of robust models possible, is one of the limitations encountered when implementing this 

idea. Hussain et al. [29] presented a classification strategy in DL with the intention of identifying 

COVID-19 by utilizing CXR pictures as the data source. The extremely contagious disease known as 

COVID-19 has had a significant influence on society, contributing to the emergence of pneumonia 

and having an effect on a variety of organ systems. In most cases, the disease is passed on from person 

to person through interactions with other people in close quarters, such as in public areas, places of 

employment, and educational institutions. In a great number of developing countries, there has been 

a growing need for COVID-19 testing kits. Recent investigations in radiology imaging, such as CT 

scans and X-rays, have revealed considerable new insights into the spread of the COVID-19 virus. 

Radiologists were the ones who carried out these studies. The use of CNN, in conjunction with CT 

and X-ray images of the lungs, was implemented in order to accelerate the diagnosis of diseases and 

improve the accuracy of testing kits. The highest percentage of accuracy that could be attained was 

94.2 percent. This idea had a number of flaws, one of which was the demand for a significant quantity 

of testing kits. Benmalek et al. [30] carried out an investigation of the effectiveness of several CNN 

models in diagnosing COVID-19 infection through the use of chest imaging procedures. In the context 

of CXR and CT images, a comparison analysis was carried out as part of this proposal to evaluate how 

well the performance of many distinct CNN models, including MobileNetV2, InceptionV3, and 

ResNet-18, compared. When the diagnostic performance of CT scans and CXR photos was compared 

using identical CNN architectures, it was revealed that CT scans were better at discovering COVID-

19-positive cases. CXR pictures, on the other hand, were not as effective. In comparison to CXR, 

computed tomography (CT) provides better contrast and generates high-resolution pictures, which 

makes it easier to extract important information from medical images. In spite of the fact that the 

findings of the study are optimistic in terms of chest imaging detection for COVID-19, it is essential 
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to be aware of the challenges that arise from the combination of diverse datasets as well as the ways 

in which insufficient picture quality may influence how successfully the classification is carried out. 

 

3. Materials and Methods 

More recent studies have shown that adding shorter connections between layers in convolutional 

networks, especially those close to the input and output, can make the networks much deeper, more 

accurate, and easier to train. This paper acknowledges the aforementioned fact and presents the Dense 

Convolutional Network (DenseNet) as a solution. The DenseNet model, comprising 15 layers, is 

introduced in this paper. Each layer in the model is connected to every other layer in a feed-forward 

manner. The proposed model architecture consists of a single input layer, followed by four 

convolutional layers, three pooling layers, four dropout layers, one flattening layer, and two DenseNet 

layers, as stated in Figure [1]. The development of the enhanced model involves a series of eight steps. 

These steps include:  

(1) Collecting the dataset 

(2) Data Augmentation 

(3) performing data preprocessing 

(4) Determining training and testing sets 

(5) using an optimized model and  

(6) evaluating the performance. 

 

Figure 1: optimized COVID-19 prediction model (OACP) 

 

3.1 Dataset Collection and Description  

 

A cohort including 930 posteroanterior CXR images was utilized from a publicly available COVID-

19 image data repository, specifically focusing on images of patients who tested positive for the virus. 

All individuals included in the study were confirmed to have tested positive for COVID-19 and were 

sourced from multiple hospitals worldwide between December 2019 and March 2020. In this paper, 

a cohort of 3340 posteroanterior CXR images was utilized from a publicly available dataset on Kaggle, 

specifically the "CXR Images (Pneumonia)" dataset. The cohort consisted of individuals categorized 

as normal or negative patients. However, it is worth noting that a total of 930 photos were captured 

specifically in relation to the COVID-19 pandemic available at [31, 32]. 

 

3.2 Data augmentation  

 

It is common practice to apply a method known as data augmentation in order to expand both the 

variety and the quantity of labeled datasets used in the training process. The application of input 

transformations that preserve the corresponding output labels is what makes this possible. Data 

augmentation is a method often used in machine learning (ML) to fix issues like class imbalance, 

over-fitting, and convergence issues in deep learning [33]. This strategy seeks to improve the overall 
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performance of ML models as well as the results they produce by supplementing the data that is 

already available. In the context of deep learning, several different photo enhancement techniques, 

such as flipping, cropping, noise injection, rotation, random erasing, color change, and geometrical 

transformation, are utilized in order to improve the images. In order to successfully collect and learn 

the various changes that occur throughout the training phase of the OACP classifier, the suggested 

method utilizes a number of data augmentation techniques. These techniques include flipping and 

rotation. 

 

3.3 Performing Data Preprocessing 

 

The COVID-19 detection model that is being considered includes a pre-processing stage that has as 

its primary objective the enhancement of the image that is being used as input. The pre-processing 

stage is implemented so that undesirable distortions can be reduced and certain visual features can be 

enhanced. This was done in order to achieve the aforementioned goals. Image enhancement is a 

procedure that involves decreasing the impact of blurriness or noise that is present in the image that 

is being processed. The picture scaling method and the median filtering method are both included in 

the pre-processing stage's toolbox of techniques. 

Image Scaling: The process of picture scaling is most useful in the resizing of input CXR images 

because of its ability to magnify or reduce the size of an image. Scaling is a process that comprises 

two distinct categories, which are called scaling up and scaling down, respectively. In these categories, 

you can change the size of the input photographs by either increasing or decreasing their dimensions. 

This can be done either way. It is absolutely necessary for the success of this technique that the quality 

of the image that is being input does not suffer in any way. 

Median Filtering: This technique is used to generate an image that is free of noise through the 

application of median filtering. This technique makes use of a non-linear filter, and the median value 

is what's applied to it so that the image's sharpness is maintained where it matters most: at the image's 

edges. Gray level ranking, rather than the noise value, was utilized in order to accomplish the goal of 

restoring the median value, and this was successfully accomplished. 

 

3.4 Determining Training and Testing Sets 

 

The photos were divided into two portions, namely Train and Test, after being randomly rearranged. 

The Train section consists of 700 images categorized into two labels, positive and negative COVID-

19, and is used for training the model. The test section, on the other hand, comprises 230 images also 

categorized into positive and negative COVID-19 labels and is utilized for evaluating the model. 

 

3.5 Using an Optimized Model 

 

The proposed architecture consists of a single input layer, followed by four Convolutional layers, three 

Pooling levels, four Dropout layers, one flatten layer, and finally two DenseNet layers. The input layer 

is responsible for obtaining processed photos that have been resized to a new dimension of (224, 224, 

3). The Conv2D layer is designed with 32 filters, each having a kernel size of 3x3. These filters are 

utilized to extract tiny features, which are then multiplied by the Input layer. It is important to 

acknowledge that the subsequent levels will undergo multiplication by the variable X, which serves 

as a repository for the entire architecture. The Conv2D layer is configured with 64 filters, each having 

a kernel size of 3x3. This configuration allows for the extraction of features that are larger in size 

compared to the prior layer. The utilization of MaxPooling2D and Dropout techniques in neural 

networks serves the purpose of diminishing the quantity of neurons, extracting significant 

characteristics, and mitigating the risk of overfitting.  The Conv2D layer is configured with 64 filters 

and a kernel size of 3x3, which enables the extraction of larger features. The utilization of 

MaxPooling2D and Dropout techniques in neural networks serves the purpose of diminishing the 

quantity of neurons, extracting significant characteristics, and mitigating the risk of overfitting. The 

Conv2D layer is configured with 128 filters and a kernel size of 3x3, which enables it to extract 

features that are larger in size compared to the preceding layer. The use of MaxPooling2D and Dropout 

techniques in neural networks serves to decrease the quantity of neurons, extract significant 

characteristics, and mitigate the risk of overfitting. To flatten a matrix is to convert it from a two-

dimensional structure to a one-dimensional column. The dense layer is composed of 64 neurons. The 

dropout rate, in this case, deviates from the norm with a distinct value of 0.5. The utilization of the 

sigmoid function as an activation function is commonly employed in binary classification tasks. 
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3.6 Evaluations   

The evaluation of the predictive capacities and performance of the offered prediction models involves 

the utilization of five metrics. The performance of each model is assessed by the utilization of many 

metrics, including accuracy, F1-score, recall, precision [34]. The calculation of accuracy is determined 

by utilizing Equation (1) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃𝑜𝑠 + 𝑇𝑁𝑒𝑔

𝑇𝑃𝑜𝑠 + 𝐹𝑃𝑜𝑠 + 𝐹𝑁𝑒𝑔 + 𝑇𝑁𝑒𝑔
 

where TPos is true positive, TNeg is true negative, FPos is false positive, and FNeg is false negative. 

Precision is calculated using Equation (2): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃𝑜𝑠

𝑇𝑃𝑜𝑠 + 𝐹𝑃𝑜𝑠
 

Recall is computed using Equation (3): 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃𝑜𝑠

𝑇𝑃𝑜𝑠 + 𝐹𝑁𝑒𝑔
 

 

F-measure is calculated using Equation (4): 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

 

4. Results and discussion  

 

In this section, the results of running simulations based on the suggested ideal model for COVID-19 

prediction are displayed. The Jupyter Notebook version (6.4.6) was utilized in the process of putting 

the machine learning models into action. Jupyter Notebook simplifies the process of writing and 

running code written in Python. Making a comparison between the outcomes from the proposed model 

and those from current deep learning algorithms in use allows for the determination of the prediction's 

accuracy. In addition, in order to evaluate the efficacy of the suggested method, accuracy, F1-score, 

recall, and precision are typically utilized metrics. These are the same metrics that are used to evaluate 

the efficacy of machine learning models. These metrics offer quantifiable measurements of how well 

a model performs in terms of correctly classifying instances, identifying true positives and true 

negatives, as well as false positives and false negatives, in addition to overall model performance. The 

experimental findings regarding accuracy are detailed in Table 1, which may be found here. 

 

Table 1: Simulation outcomes of proposed OACP model and existing techniques using CXR dataset. 

 

Models 
accurac

y 

F1-

score 
Recall 

Precisio

n 

VGG 19 85 88 81 85 

Google Net 88 90 82 87 

ResNet50 85 87 80 84.3 

DenseNet201 90.5 88 83 89.6 

Shuffle Net 91 89 82 90.1 

Squeeze Net 92 84 86 91.6 

OACP 98 98.6 90 97.6 

 

The OACP model is the most accurate of all the experimental models that are included in Table 1. Its 

accuracy is significantly higher than that of the other models. To be more specific, its accuracy, F1-

Score, recall, and precision are respectively 98%, 98.6%, 90%, and 97.6%. Additionally, the 

Squeeznet performs quite well, with an accuracy of 92%, an F1-Score of 84%, a recall of 86%, and a 

precision of 91.6%, respectively. In contrast, the VGG-19 exhibits the least amount of accuracy when 

compared to the other two models. Its accuracy, F1-Score, recall, and precision are all at 85%, while 

its accuracy is 88% and its precision is 81%. The accuracy of the OACP model in predicting COVID-

19 is contrasted visually in Figure 2, which shows how it stacks up against other models. 

(1) 

(2) 

(3) 

(4) 
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Figure 2: Comparison between models in terms of accuracy. 

 

In the context of COVID-19 prediction, the evaluation of accuracy and loss serves as a mechanism to 

evaluate the effectiveness of OACP. This evaluation may be found in the context of the COVID-19 

prediction. In addition to this, it assists medical practitioners in correctly recognizing COVID-19 

patients in a timely manner. During the training and testing of the dataset, there was a considerable 

improvement in both the accuracy and loss of OACP. The OACP model's accuracy is superior to that 

of other methods, including VGG 19, GoogleNet, ResNet50, DenseNet201, ShufeNet, and 

SqueezeNet. The results of OACP's performance in terms of both its training and testing accuracy are 

depicted in Figure 3. The data obtained from the training samples as well as the testing samples are 

used in an in-depth analysis to determine how accurately the OACP method performs. 

 

 

Figure 3: Training and testing accuracy for proposed OACP. 

The training and testing losses of OACP can be seen across a number of epochs, as shown in Figure 

4. In order to conduct an analysis of the loss value, the results of the training and testing samples taken 

from the dataset are considered. The figure that has been provided shows that both the training loss 

and the testing loss of the suggested method show a trend toward reducing with time. However, the 

figure also shows that the test loss is consistently somewhat larger than the training loss. The OACP 

that has been proposed has shown that it is significantly better in terms of performance, with an overall 

loss of 0.8. This value is far lower than that which can be reached using the approaches that are 

currently being used for the prediction of suitable classes. In addition, it has been demonstrated that 

the curve does not display any indications of overfitting. By utilizing the maximum number of epochs 

possible, the OACP was able to bring the issues of over-fitting and under-fitting that were present in 

the COVID-19 prediction to a condition of equilibrium. In addition to this, it can be seen from the 

graph that there is a considerable drop in the value of the loss that occurs after 10 epochs have passed. 
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After some time had passed, the training and testing curves eventually met in the middle to produce 

an accurate forecast of COVID-19 classifications. 

Figure 4: Training and testing loss for proposed OACP. 

 

The suggested OACP is subjected to an extensive amount of simulation, making use of the CXR 

datasets, so that the efficacy of COVID-19 prediction can be evaluated. Furthermore, in order to 

illustrate the efficacy of the prediction performance, OACP has been analyzed alongside other 

prediction approaches already in use. This was done in order to compare the two. The confusion matrix 

generated by OACP while using the CXR dataset is displayed in Figure 5. For the objective of 

identifying COVID-19 infection cases, the OACP has been utilizing patient data that has been 

retrieved from CXR databases. When compared to the input data, the confusion matrix revealed that 

OACP had increased accuracy when predicting class labels and a decreased rate of wrong predictions. 

Figure 5 of the confusion matrix also provides a visual representation of the total number of values in 

the samples that can be successfully predicted. On the other hand, the data that is still available has 

shown that a sizeable proportion of predictions were incorrect. 

Figure 5: Confusion Matrix of proposed OACP for COVID-19 prediction. 
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Consequently, OACP model has undergone multiple training epochs to assess its predictive efficacy 

in relation to COVID-19. Moreover, if the number of epochs has been consistently maximized, OACP 

has exhibited superior training performance and achieved more favorable results. 

 

 

6. Conclusions and Future Work   

 

The proposed approach has employed publicly accessible CXR datasets to evaluate the effectiveness 

of the solution. Consequently, the simulated results demonstrated that OACP outperformed the 

currently employed techniques that achieved a remarkable performance with value of 97.8% for 

Accuracy and a computation time of 920 seconds when evaluated using the CXR dataset. OACP 

model optimized the pre-trained architecture, namely DenseNet-201, in order to accurately identify 

the class value. The implemented OACP is executed on the Python platform and assesses performance 

based on several metrics, such as accuracy, training score, testing score, F-measure, recall and 

precision. This paper presents a potentially effective method for identifying individuals with COVID-

19 through the analysis of CXR images, employing a combination of deep learning techniques. OACP 

model utilizes picture scaling and median filtering as pre-processing techniques to enhance the quality 

of the image. OACP model exhibits superior accuracy compared to other models. Specifically, its 

accuracy, F1-Score, Recall, and precision are 98%, 98.6%, 90% and 97.6%, respectively. In contrast 

to the currently employed methodologies utilizing CXR datasets. Despite exhibiting enhanced 

performance, the proposed methodology continues to exhibit deficiencies in terms of real-time 

accuracy and efficiency enhancement. In the future, it is anticipated that OACP would undergo further 

refinement for the purpose of COVID-19 prediction. This will involve the utilization of additional 

meta-heuristic algorithms and the implementation of a hybrid model in order to boost the accuracy of 

the predictions. 
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