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Abstract 

The worldwide COVID-19 pandemic has resulted in millions of fatalities and significantly 

altered the lives of many individuals. The prompt and effective Finding COVID-19 cases is 

essential to reducing the virus's spread. SARS-CoV-2 virus; however, this task presents 

considerable challenges for the healthcare sector. The demonstrated success of artificial 

intelligence (AI) across various scientific fields has inspired researchers to investigate its 

potential in addressing this urgent issue. AI methodologies, when combined with medical 

imaging techniques such as X-rays, computed tomography (CT), and ultrasound (US), have 

shown considerable promise in facilitating early and precise diagnoses of COVID-19. This 

document offers a comprehensive review of advanced AI techniques utilized in these imaging 

modalities for the detection of COVID-19. We classify these methodologies, underscore their 

effectiveness, and examine their contributions to pandemic management. Furthermore, the 

paper addresses the obstacles associated with the deployment of AI-driven systems, including 

limitations in data availability, ethical dilemmas, and technical challenges. It also considers 

future directions for AI-enhanced diagnostic systems, high lighting their potential to strengthen 

health care resilience in the face of pandemics. Through a thorough analysis of current research, 

this review seeks to provide meaningful insights into the role of AI in disease detection and its 

transformative influence on the healthcare industry during global health crises. 

Keyword:-COVID-19, Health care workers (Hcws), Artificial Intelligence (AI), Deep 
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Introduction 

The first report on COVID-19 was released by the Wuhan Municipal Health Commission in 

China in December 2019. It is caused by the severe acute respiratory syndrome corona virus 2 

(SARS-CoV-2) and is considered to be one of the deadliest global pandemics in history [1] 

Since the World Health Organization (WHO) declared the COVID-19 epidemic a pandemic in 

March 2020, there have been 203,944,144 cases and 4,312,902 deaths globally, according to 

WHO statistics as of August 12, 2021 (available online: https://covid19.who.int/table, viewed 

on August 12, 2021) [2]. Due to its social, medical, and economic effects, the pandemic 

situation has caused distress on a global scale. In its most severe form, this 

infectiousdiseasefrequentlycausespneumoniaandacuterespiratorysyndrome.Theoutbreak was 

thought to have begun as a result of a zoonotic transmission from the seafood markets in 

Wuhan, China. Later, it was believed that the disease spread internationally through human- to-

human contact, and the pandemic has affected nearly 200 nations [3]. Although people of all 

ages can get COVID-19, people 60 and older, as well as those with underlying medical 

conditions, are more likely to have severe symptoms [4]. Once the SARS-CoV-2 virus enters 
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the body through respiratory aerosols, it targets the respiratory system and impacts patients with 

different levels of clinical severity. In the early stages of infection, the clinical signs stay absent, 

even though immune responses occur within the body. Individuals impacted are contagious 

during this stage, and the illness can be identified through a nasal swab [5]. 

Additional movement of the virus from nasal epithelial cells into the upper respiratory tract 

leads to symptoms such as fever, dry cough, malaise, etc. Most infected individuals do not 

advance past this stage, as the host's immune response is adequate to prevent the disease from 

spreading to the lower respiratory tract and lungs [6]. About 20% of infected individuals 

experience lowers respiratory tract infections, and these patients show signs of acute respiratory 

distress syndrome (ARDS). Histological, this phase shows lung sequestration alongside 

apoptosis of host cells. Chronic inflammation and widespread alveolar injury are frequently 

seen histopathological patterns in patients with ARDS who are infected [7]. COVID-19 impacts 

individuals in various manners. Asymptomatic individuals will exhibit positive results on nasal 

swabs and normal findings on chest X-rays. Individuals with mild illness show typical signs 

like fever, sore throat, dry cough, fatigue, body pain, nausea, vomiting, stomach pain, and 

diarrhea [8]. Patients experiencing moderate illness exhibit pneumonia symptoms without 

notable hypoxemia (ongoing fever and cough). This cohort of infected individuals also displays 

irregular lesions on high-resolution chest computed tomography (CT) [9]. Severe illness is 

characterized by patients exhibiting pneumonia along with notable systemic hypoxemia 

(SpO2< 92%). In situations of severe infection, individuals might face dangerous complications 

like ARDS, shock, coagulation abnormalities, encephalopathy, heart failure, and acute renal 

injury [10]. 

Disease confirmation and severity can be accessed through nasal/throat swabs, various 

serological tests, and imaging techniques. Reverse transcription polymerase chain reaction 

(RT-PCR) is still the most effective molecular technique for disease diagnosis. Nevertheless, 

similar to other diagnostic techniques, RT-PCR is not without errors. It takes a lot of time, costs 

a lot, and needs manual labor. To accurately assess the results of diagnostic tests, expert 

clinicians must interpret them, since the data can differ considerably from individual to 

individual [11]. 

In addition, test kits are not widely available, particularly in rural areas, and if they are 

obtainable, their quality might be questionable. Furthermore, patients may feel minor 

discomfort and irritation while undergoing the nasal swab test. 

By utilizing imaging techniques like X-rays or CT scans, swift outcomes can be achieved for 

urgent cases, even prior to obtaining RT-PCR test results. To address these current limitations, 

numerous computer-aided diagnostic tools (CADTs) that employ artificial intelligence (AI) and 

machine learning methods have been deployed to enhance clinical interpretations from imaging 

technologies. These forecasting methods can accurately identify the illness, thus assisting in 

the prevention and recognition of epidemiologic threats. These automated tools utilize 

affordable imaging techniques to help tackle COVID-19 by reducing false negative results and 

can serve in situations where RT-PCR test kits are limited or inaccessible in rural regions [12]. 

Researchers have conducted extensive studies employing imaging techniques for 
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the identification of COVID-19, demonstrating the importance of deep learning and machine 

learning algorithms for automated identification [13]. 

This study examines the main AI methods, including deep neural networks (DNN) and hand- 

crafted feature learning (HCFL)-based models, employed for identifying COVID-19. It 

evaluates the outcomes of AI methods across different imaging types and addresses the main 

challenges, potential advancements, and suggestions for enhancing detection approaches for 

COVID-19. This paper seeks to illustrate the significance of AI in diagnosing and detecting 

COVID-19, offering insights into how these technologies can assist health care professionals 

in more effectively identifying and managing the pandemic. 

Literature Review: Artificial Intelligence in COVID-19 Detection and Diagnosis 

COVID-19, resulting from the SARS-CoV-2 virus, has greatly affected worldwide healthcare 

systems, requiring rapid and precise diagnostic techniques. Conventional diagnostic methods 

like the Reverse Transcription Polymerase Chain Reaction (RT-PCR) test, although effective, 

have significant drawbacks, including lengthy processing durations, high costs, and the 

requirement for specialized interpretation. In light of these difficulties, tools based on AI and 

machine learning have surfaced as promising options, particularly when integrated with 

imaging methods such as chest X-rays and CT scans. This literature review investigates 

different AI techniques used for COVID-19 detection, evaluating their effectiveness, 

challenges, and future possibilities. 

Diagnostic Methods for COVID-19 

The diagnosis of COVID-19 generally includes a mixture of clinical signs, lab tests, and 

imaging methods. The RT-PCR test is still considered the gold standard for molecular 

diagnostics. Nonetheless, the precision of RT-PCR tests can be influenced by elements such as 

sample collection, timing, and the quality of equipment, resulting in false negatives, particularly 

in asymptomatic or early-stage situations [1]. The limited availability of RT-PCR testing in 

remote or rural regions worsens the issue [11]. Imaging techniques like X-rays and CT scans, 

conversely, provide a means for quick detection, especially in critical circumstances. 

Artificial Intelligence in Medical Imaging 

AI and machine learning methods have shown substantial promise in improving diagnostic 

accuracy using imaging data. AI algorithms, particularly Deep Neural Networks (DNNs) and 

Hand-Crafted Feature Learning (HCFL)-based models, have been deployed for detecting 

COVID-19 in chest X-rays and CT images. The use of AI in medical imaging allows for 

automated analysis, which can reduce diagnostic errors and expedite the decision-making 

process. 

Deep Neural Networks(DNNs):As a category of machine learning algorithms, DNNs have been 

extensively utilized for the automated identification of COVID-19. These networks are created 

to replicate how the human brain interprets information and are capable of identifying intricate 

patterns in extensive datasets. In the realm of COVID- 19, DNNs prove to be especially efficient 

in identifying and diagnosing lung irregularities observed in CT scans and X-rays. Research has 

shown that DNNs can 
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achieve significant accuracy in detecting COVID-19 pneumonia, with certain models attaining 

diagnostic precision similar to that of human radiologists [12]. 

Hand-Crafted Feature Learning (HCFL): In contrast to DNNs, HCFL models necessitate the 

extraction of particular features from images for subsequent classification use. This technique 

is beneficial in situations where there is a scarcity of labeled datasets. HCFL models aim to 

capture important patterns like texture, shape, and edge characteristics in medical images to 

detect anomalies related to COVID-19. Although HCFL techniques may lack the robustness of 

DNNs for managing extensive datasets, they provide benefits in environments with limited 

resources where computational capabilities are constrained. 

AI and Imaging Techniques for COVID-19 Detection 

Scientists have investigated the application of AI alongside different imaging methods for 

identifying COVID-19. The two most prevalent types are chest X-rays and CT scans. 

Chest X-rays: X-rayimaging is an accessible and inexpensive diagnostic method that has been 

utilized to identify COVID-19 pneumonia. AI models developed using chest X-rays have 

effectively differentiated between viral pneumonia, bacterial pneumonia, and healthy lung 

conditions, thus facilitating early diagnosis. The benefit of chest X- rays is their low cost and 

the rapidity with which they can be acquired, making them ideal for extensive screening, 

particularly in settings with limited resources. Nevertheless, their sensitivity may be reduced in 

comparison to CT scans, particularly when identifying early or mild cases. 

CT Scans: CT scans offer more detailed and thorough imaging compared to X-rays and have 

become essential in detecting COVID-19, particularly in patients with moderate to severe 

symptoms. AI models utilized for CT scans can identify characteristics like ground-glass 

opacities and consolidations, which are key indicators of COVID-19 infection. Research has 

shown that AI models developed using CT scan data exhibit high sensitivity and specificity in 

detecting COVID-19, with certain systems even surpassing human radiologists in diagnostic 

accuracy. Nonetheless, CT scans are pricier and harder to access compared to X-rays, which 

complicates their usage in areas with limited resources. 

Challenges in AI-Based COVID-19 Detection 

Despite the promising results, several challenges hinder the widespread deployment of AI in 

COVID-19 detection. 

Data Quality and Accessibility: The effectiveness of AI models relies on the quality and 

volume of the data utilized for training. Insufficient high-quality, labeled data across various 

populations may restrict the generalizability of AI models. This is especially the case in 

resource-constrained environments where access to high-quality medical imaging might be 

restricted. 

Model Interpretability: Although deep learning models such as DNNs have demonstrated 

remarkable outcomes, they are frequently regarded as "black-box" models, indicating that their 

decision-making process lacks transparency. This interpretability gap can hinder their 

acceptance in clinical environments, as healthcare 
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professionals must grasp how and why a diagnosis was reached, particularly when facing 

crucial decisions. 

Incorporation into Clinical Routine: For AI tools to be successfully embedded in standard 

clinical practices, they should be easy to use and compatible with the current health care frame 

work. Numerous AI systems demand substantial computational power, rendering them less 

appropriate for implementation in resource-limited environments. Moreover, educating 

healthcare workers to utilize these AI tools efficiently poses another challenge. 

Future Directions and Potential Advancements 

The role of AI in COVID-19 detection is still evolving, and ongoing research is focused on 

overcoming the existing challenges. 

Hybrid Models: Upcoming AI models could integrate DNNs with HCFL methods, enhancing 

both precision and clarity. Hybrid model scan utilize the advantages of both methods, 

providing a more balanced approach for detecting COVID-19. 

Federated Learning: A notable progress in the field is federated learning, a machine 

learningmethodthatenablesAImodelstotrainondecentralizeddatawithoutrequiring data sharing. 

This may assist in tackling data privacy issues and facilitate the creation of AI models trained 

on a broader variety of datasets from various populations, enhancing the models' 

generalizability and precision. 

AI for Post-COVID Surveillance: AI can significantly contribute to observing patients once 

they have recuperated from COVID-19. AI-enhanced imaging and various diagnostic methods 

could be utilized to evaluate long-term effects such as lung damage, heart issues, and mental 

health problems. 

Methodology 

The methodology of this research focuses on developing an AI-based system capable of 

detecting COVID-19 using chest X-ray and CT images. Since RT-PCR tests are slow and 

sometimes unavailable in remote areas, AI-assisted medical imaging can provide faster and 

more accessible diagnosis. To build and test this system, we used real radiographic data from 

the publicly available COVID-19 Radiography Database on Kaggle [14]. This dataset includes 

thousands of labeled images belonging to COVID-19, Normal, and Pneumonia classes, making 

it suitable for training deep learning algorithms to distinguish between different lung conditions 

[15]. 

Data Collection 

The dataset consists of chest X-ray images collected from multiple hospitals and imaging 

centers worldwide. These images vary in quality, resolution, and patient demographics, which 

helps the model learn robust visual patterns. The Kaggle COVID-19 Radiography Database 

includes four major classes: COVID-19, Normal, Viral Pneumonia, and Lung Opacity. The 

diversity in this dataset improves the model’s ability to generalize across real-world clinical 

settings. 
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Figure 1. Sample Chest X-ray Images from the COVID-19 Radiography Database. 

Image Preprocessing 

Before feeding the images into AI models, they undergo a preprocessing pipeline. All 

images are resized to 224 × 224 pixels, a standard dimension for CNN-based 

architectures. The pixel intensities are normalized between 0 and 1 to stabilize and speed 

up training. Data augmentation methods such as rotation, flipping, and brightness 

adjustment are applied to artificially increase dataset size and reduce overfitting [16]. 

These steps improve model generalization, especially when dealing with limited 

COVID-19 images. 
 

 

 

Figure2.MedicalImagePreprocessingPipeline. 
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Model Development 

AI techniques will be employed for automated COVID-19 detection. The key models 

will include: Deep Neural Networks (DNN): Pre-trained models like Convolutional 

Neural Networks (CNNs) will be fine-tuned using the collected imaging data. These 

models are capable of learning hierarchical features from images and making 

classifications based on learned patterns [14]. Hand-Crafted Feature Learning(HCFL)-

Based Models: In this approach, specific features will be manually extracted from the 

images using methods such as histogram of oriented gradients (HOG),texture analysis, 

or wavelet transforms. These features will then be used to train machine learning 

classifiers like Support Vector Machines (SVM) or Random Forests (RF) to detect the 

presence of COVID-19 [13]. Hybrid Models: Combining DNNs with HCFL techniques 

may further improve accuracy by leveraging the strengths of both approaches. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Convolution Neural Network (CNN) Architecture for X-ray Classification. 
 

 

http://www.ijsea.com/


International Journal of Science and Engineering Applications 

Volume 14-Issue 12, 66 - 76, 2025, ISSN:- 2319 - 7560 

DOI:10.7753/IJSEA1412.1014 

 

www.ijsea.com  73 
 

 

Figure 4. Hybrid Deep Learning Hand-Crafted Feature Fusion Model. 

 

Model Training 

The preprocessed images will be split into training and validation sets, typically with 

an80-20%ratio.The DNN and HCFL models will be trained on the training set, using 

optimization algorithms such as Adam or SGD (Stochastic Gradient Descent). Hyper 

parameters like learning rate, batch size, and the number of epochs will be fine- tuned 

to maximize model performance [11]. Cross-validation will be used to assess model 

generalization and minimize over fitting, ensuring that the models perform well on 

unseen data [10]. 

Performance Evaluation 

The performance of the models will be evaluated using various metrics: • Accuracy: The overall 

proportion of correctly predicted cases. • Precision, Recall, and F1-Score: These metrics will 

provide insight into the model's ability to detect COVID-19 cases and avoid false positives or 

negatives [11]. Receiver Operating Characteristic (ROC) Curve and AUC: To evaluate the 

trade-off between sensitivity and specificity. 

Confusion Matrix: To visualize true positives, false positives, true negatives, and false 

negatives [12]. 
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Figure5.Evaluation Metrics Used for COVID-19 Image Classification 

 

 

 

 Deployment of AI-Based System 

 After training and evaluation, the models will be deployed in a clinical setting toassist 

healthcare professionals in diagnosing COVID-19 based on medical images.The system will be 

designed to process incoming images from X-ray and CT scans, outputting a prediction 

(positive or negative for COVID-19) alongside a confidence score. Additionally, a user-friendly 

interface will be developed to integrate the AI system into the existing healthcare infrastructure. 

This interface will allow cliniciansto easily upload images and receive rapid results [3]. 

 Ethical Considerations 

 Given the sensitive nature of medical data, all patient information will be anonymized and de-

identified before being used in the analysis. Additionally ,informed consent will be obtained 

from data providers, and ethical guidelines and standards, including data 

privacyregulations(suchasHIPAAorGDPR),willbefollowedthroughoutthestudy. 

 Challenges and Limitations 

 This methodology also acknowledges several challenges: Data Imbalance: There may be an 

unequal distribution of COVID-19 and non-COVID-19 cases in the dataset. Techniques like 

oversampling, under sampling, or synthetic data generation (e.g.,using GANs) can be used to 

mitigate this issue [4].Limited Data: The availability of annotated datasets may be restricted, 

especially in rural or resource-constrained settings. Future studies could focus on data sharing 

collaborations to overcome this limitation. Generalization: Models trained on one dataset may 

not generalize well to images from different hospitals or geographical locations, leading to 

potential biases. Cross-institutional validation could help address this concern [8]. 

 Future Scope 
 The AI models can be further optimized by incorporating multi-modal data (e.g., combining 

medical images with clinical data like lab tests and patient demographics). Additionally, the inclusion of 

advanced deep learning techniques such as transfer learning, attention mechanisms, and federated learning 

could improve model accuracy and generalization across diverse populations [6]. By integrating these AI-

based diagnostic tools with existing medical infrastructure, healthcare systems will be better equipped to 

diagnose and manage COVID-19, especially in areas with limited resources. The ongoing development 

of such AI systems promises to improve early detection, reduce the burden on healthcare professionals, 

and enhance global pandemic management efforts. 
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 Conclusion 

The COVID-19 pandemic has highlighted the critical need for efficient and accessible 

diagnostic tools to manage and control infectious diseases. While traditional methods like RT- 

PCR and medical imaging remain fundamental in detecting COVID-19, they come with 

limitations, such as time consumption, resource constraints, and the potential for false 

negatives. Artificial intelligence (AI), particularly deep learning and machine learning, has 

emerged as a powerful tool to enhance diagnostic accuracy and speed, especially when 

resources are scarce. AI models, such as deep neural networks (DNNs) and hybrid approaches 

combining hand-crafted features and machine learning, have shown promising results in 

detectingCOVID-19 from chest X-rays and CTscans, offering rapid, cost-effective solutions. 

AI-driven diagnostic tools have the potential to support clinicians, particularly in resource- 

limited settings, by providing automated and accurate predictions, thus alleviating pressure on 

healthcare systems. However, challenges remain in terms of data quality, model interpretability, 

and the risk of diagnostic errors. Ongoing efforts to improve AI model transparency, data 

sharing, and continuous validation will be key to overcoming these challenges. 

Overall, AI has proven to be an invaluable asset in the fight against COVID-19, and its 

integration into clinical workflows could significantly improve the efficiency and accuracy of 

diagnostics. Future advancements in AI, coupled with more robust data and improved model 

transparency, have the potential to further revolutionize pandemic management, ensuring that 

healthcare systems are better prepared for future outbreaks. 
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