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ABSTRACT

In recent months, coronavirus disease 2019 
(COVID-19) has infected millions of people worldwide. In 

addition to the clinical tests like reverse transcription-

polymerase chain reaction (RT-PCR), medical imaging 

techniques such as computed tomography (CT) can be used as a 

rapid technique to detect and evaluate patients infected by 

COVID-19. Conventionally, CT-based COVID-19 classification 

is done by a radiology expert. In this paper, we present a deep 

learning-based Convolutional Neural Network (CNN) model we 

developed for the classification of COVID-19 positive patients 

from healthy subjects using chest CT. We used 10979 chest CT 

images of 131 patients with COVID-19 and 150 healthy subjects 

for training, validating, and testing of the proposed model. 

Evaluation of the results showed the precision of 92%, 

sensitivity of 90%, specificity of 91%, F1-Score of 0.91, and 

accuracy of 90%. We have used the regions of infection 

segmented by a radiologist to increase the generalization and 

reliability of the results. The plotted heatmaps show that the 

developed model has focused only on the infected regions of the 

lungs by COVID-19 to make decisions.
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Coronavirus disease (COVID-19) is a viral pneumonia that originated in China and has rapidly spread around the world. Early diagnosis is important to provide effective and timely treatment. Thus, many studies have attempted to solve the COVID-19 classification problems of workload classification, disease detection, and differentiation from other types of pneumonia and healthy lungs using different radiological imaging modalities. To date, several researchers have investigated the problem of using deep learning methods to detect COVID-19, but there are still unsolved challenges in this field, which this review aims to identify. The existing research on the COVID-19 classification problem suffers from limitations due to the use of the binary or flat multiclass classification, and building classifiers based on only a few classes. Moreover, most prior studies have focused on a single feature modality and evaluated their systems using a small public dataset. These studies also show a reliance on diagnostic processes based on CT as the main imaging modality, ignoring chest X-rays, as explained below. Accordingly, the aim of this review is to examine existing methods and frameworks in the literature that have been used to detect and classify COVID-19, as well as to identify research gaps and highlight the limitations from a critical perspective. The paper concludes with a list of recommendations, which are expected to assist future researchers in improving the diagnostic process for COVID-19 in particular. This should help to develop effective radiological diagnostic data for clinical applications and to open future directions in this area in general. 
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CHAPTER 1
1.1  INTRODUCTION

COVID-19 is a form of viral pneumonia that has emphatically threatened the world’s healthcare infrastructure. The virus affects the respiratory system (i.e., lungs) of the infected patient, which can lead to respiratory insufficiency. Since China reported its initial cases to the World Health Organization (WHO) in December 2019, there have been 588,757,628 confirmed cases of COVID-19 and 6,433,794 deaths—due to respiratory failure and injury to other major organs—reported to the WHO as of August 2022 [1]. The rapid spread of the disease has also increased the number of hospitalizations worldwide [2]. The standard way to diagnose COVID-19 involves the use of the reverse-transcription polymerase chain reaction (RT-PCR) method [3]. RT-PCR is “a highly sensitive technique for the detection and quantitation of messenger ribonucleic acid (RNA)”; it is used for many types of viruses, including SARS-CoV-2. The technique involves taking a sample from a part of the body, such as the nose, to extract the virus’ RNA [4]. Physicians are facing difficulties due to the limitations of this method, which include long waiting times for results, low availability of examination kits, and suboptimal sensitivity [5]. These limitations can compromise patients and further the spread of COVID-19. In urgent cases, physicians can ask radiologists to complete the diagnostic process using radiological imaging modalities such as chest X-rays (CXRs) or computed tomography (CT) scans of the lungs. These images are then analyzed by a specialist to reach a final diagnosis. Accurate analysis of these medical images can help to overcome the limitations of RT-PCR [6]. However, the limited time available for radiologists to screen medical images and differentiate between COVID-19 infection and other lung diseases—especially under time constraints and high patient numbers—makes completing these processes difficult. In addition, radiologists with different skills and lower diagnostic accuracy may lead to an inaccurate diagnosis, producing incorrect results [7]. A recent trend in healthcare involves deploying artificial intelligence (AI) algorithms in image classification problems (e.g., identifying cardiovascular abnormalities, detecting fractures and other musculoskeletal injuries, and diagnosing neurological diseases) [8]. High-accuracy AI models have been developed through training on medical images, yielding promising results after learning complex problems in radiology. More broadly, machine learning and deep learning models have produced effective results in several key aspects of radiology [9]. Given the extent of the recent pandemic, many of the studies that are reviewed in Section 4 have used deep learning techniques to diagnose and detect COVID-19 pneumonia using medical imaging in a theoretical way that cannot be deployed clinically. Accordingly, there are many review articles in this field that highlight the efficiency of deep learning algorithms and imaging modalities for the diagnosis of COVID-19 [10,11]. The novelty of this review consists of the provision of a theoretical background on topics relating to these issues. In addition, the analysis developed in this review focuses on the methods and the main approaches that have been adopted in recent studies, seeking to identify limitations and gaps for further research and improvement. Finally, recommendations related to these limitations are presented, aiming to help researchers develop practical models that advance AI applications in radiology for the detection of pneumonia and produce reliable results for other future medical applications.

A literature review was performed in order to identify a broad range of deep learning approaches for addressing the detection and classification of COVID-19. We documented some details of the review’s search process so that other researchers may more confidently use this literature review in future research. The Google Scholar [12], IEEE Xplore [13], and PubMed [14] databases were used to find candidate papers. Keyword searches included combinations of query terms such as ”COVID-19”, ”pneumonia diagnosis”, “multi-classes”, “deep learning”, ”image classification”,” hierarchical”, and “CXR”. The included publications on the COVID-19 pandemic were published from 2019 to 2022. A total of 184 articles were extracted, and the search results were reviewed and filtered, removing those that did not demonstrate learning by deep learning techniques along with those articles that achieved their results using simple binary classification methods. Additional exclusion criteria were applied to the papers that used the same approach that was followed by the selected papers after screening based on their titles and abstracts, and these papers were removed so that the same information was not repeated. The final 47 studies meeting the inclusion criteria included journal articles and conference papers. In order to be included in the review, the papers needed to meet the following inclusion criteria: • Articles that employ deep learning approaches. • Articles that address the problem of detection, identification, and classification of COVID-19. • Articles written in English (from any country). • Articles published since the end of 2019. • Peer-reviewed articles.

Background

 Coronavirus Taxonomy

Pneumonia is an acute infection that attacks the respiratory system (i.e., lungs), caused by various pathogens. The virus that causes COVID-19 is referred to as severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) due to its high pathogenicity, comparable to SARS-CoV [15]. Figure 1 illustrates the most common types of pneumonia, in a hierarchical structure. The known types of pneumonia differ in terms of their characteristics, causes, symptoms, and diagnosis [16]. The International Classification of Diseases (ICD) classifies all diseases, including pneumonia, using a complex hierarchical structure, as shown in Figure 2 [17]. In the 10th revision of the ICD (ICD-10), a new type of viral pneumonia was introduced, belonging to the coronavirus family: the 2019 novel coronavirus, coded as “COVID-19”. In December 2019, COVID-19 originated in Wuhan (Hubei Province, China), after which it rapidly spread worldwide. Due to the high mortality rate of the disease and its global transmission, the WHO defined COVID-19 as a pandemic soon after.

provided the best results in previous literature on stress-level prediction. The results obtained allowed us to build a stress prediction model for conscription with appropriate accuracy and to determine the effect of the explanatory variables. This prediction is of great demand in the practice of conscript stress management, as compulsory conscription brings a large number of young men to the military environment, which could affect the mental health of the local population in the future.
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The first human coronaviruses began to emerge worldwide in the 1960s. Six human viruses belong to the coronavirus family, four of which are associated with mild symptoms, similar to those of the common cold and gastrointestinal system infections. The other two viruses are marked by differences, including their highly pathogenic nature, namely, Middle East respiratory syndrome coronavirus (MERS-CoV), which first originated in Saudi Arabia in 2012, and severe acute respiratory syndrome coronavirus (SARS-CoV-1), which emerged in Asia in February 2003 [18,19]. Furthermore, their impact on endemic countries
health systems has been significant in raising mortality rates more than in other countries where the virus moved and did not originate, e.g., when MERS-CoV initially arose in the Middle East, most of the verified cases and deaths originated from Saudi Arabia [20]. At the beginning of the outbreak, COVID-19 was referred to as severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) due to its high pathogenicity, comparable to that of SARS-CoV
1.2 OBJECTIVES

· The objective of this project is to build Covid19 Image classification models. The model uses Lung CT Scan images to classify the covid-19.
·  To build the Classification model using VGG16 Transfer leaning framework to classify and diagnose the disease and we able to achieve the best accuracy in the model.
Radiological Imaging Modalities 

Since the emergence of COVID-19, due to the high number of deaths, many organizations in different countries have sought to develop rapid and accurate diagnostic methods. Given that COVID-19 causes distinct spots on the lungs—as shown by the sample in Figure 3—a radiological examination of the chest is an important tool that can be used in the diagnostic process [19]. CT scans play an essential role in diagnosing pneumonia, especially given their efficiency and accuracy in detecting the features of pneumonia. Accordingly, many prior studies (in Section 4.3) have used the CT scan modality for the examination and diagnosis of COVID-19 despite the fact that CXR is more appropriate for the process, for the following reasons: firstly, it is difficult to control the spread of infectious diseases in CT suites and to decontaminate CT scanning machines; secondly, CT scans are costly, and are not available in all hospitals; thirdly, CT scanners are not portable [21]. In comparison, CXR is portable, cheap, simple to perform, and available in most hospitals. Therefore, CXR is the most commonly applied method for the radiological examination of the lungs [22]. The American College of Radiology (ACR) recommends that portable chest radiography tools should be used to limit the risk of disease transmission when scanning COVID-19 patients

Hierarchical Image Classification

The data classification process aims to classify objects into related, predefined classes or categories. Image classification is an important topic in the research area of image processing, helping to classify images in different domains [24]. As shown in Figure 1, the nature of COVID-19 is organized in a hierarchical structure, which means that this is a hierarchical classification problem. Class hierarchy in hierarchical classification models supposes that an “IS-A” relationship exists between any node and its parent [25]. In hierarchical levels, the labels in high-level nodes are referred to as coarse-grained nodes that inherit all of the features from their parent node and have special features that will be passed down to their child nodes. In addition, the leaf node in the structure is referred to as fine-grained, which is the last level of nodes in the structure, and it inherits all of the features of its parent, and does not have children. Therefore, if the output of a classifier is class fine#2, it is natural to say that it also belongs to classes coarse#1.1 and coarse#1, as shown in Figure 4, where R is the root node.
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Factors that improve performance when using classification models include—but are not limited to—the sharing of features between classes that fall on the same path in hierarchical classifications, and using the relationships between coarse- and fine-grained classes [26]. Despite this, most of the literature has focused on solving multi-class problems using flat classification (see examples in Sections 4.1, 4.2, 4.3, 4.5, and 4.6). Flat classification is a straightforward approach wherein there is no inherent hierarchy between the classes, which does not help the model to learn relevant features from the different classes. Nevertheless, most classification problems—especially in the medical field—are hierarchical 

Deep Learning for Image Classification
Deep learning is an active subdomain of AI that has emerged recently. The term “deep” signifies that the neural network consists of a large number of hidden layers. Deep learning solves data-related problems effectively with minimal guidance from the developer. In addition, deep learning helps to reduce the time needed to solve problems involving big data [28]. In the field of medical imaging, deep learning has achieved remarkable successes in feature learning and image classification [29]. Consequently, this has encouraged researchers to explore deep learning techniques in greater depth. Compared to the existing diagnostic imaging-checking procedures that rely entirely on radiologists, deep learning algorithms perform excellently [30]. In particular, convolutional neural networks (CNNs) have yielded good results in previously impossible cases [31]. This is due to the fact that CNNs can detect and learn important features that radiologists cannot easily notice using the naked eye [32]. Therefore, deep learning offers novel models for image classification and medical image diagnostics, achieving excellent performance [33]. Furthermore, it is expected that deep learning techniques can help radiologists in the process of assessment and diagnosis.
Multimodal Data Fusion using Deep Learning 

Multimodal data fusion is the process of learning features from heterogeneous data by integrating data from different sources (or types) into a single model to produce a unified result [34]. Since a single modality rarely provides complete knowledge of any real-world area of interest, multimodal data fusion is often essential. This is a form of multimodal big data that has a high volume and a high variety of data, and consists of several modalities. Diverse characteristics are extracted from multiple data sources and fed into the model, yielding a model with rich information—more so than is the case with a single modality, as mentioned above. This leads to significant performance improvements compared to the use of only a single feature modality [35] due to comprehensive characterization through mapping between different data types/sources. Deep learning methods support the architecture of multimodal data fusion. Deep learning techniques have achieved substantial progress in multimodal structures in different domains, including medical assistant diagnosis [36]. Generally, the performance of multimodal deep learning models depends on the availability of a platform with a high computing capability to serve as the training device. The learning approach for multimodal deep learning models involves extracting the features of each modality separately. In turn, they are transformed into high-abstraction representations, which are concatenated into vectors as global representations of the multimodal data fusion that are used at the end by the deep learning model

Deep Learning for COVID-19 Detection and Classification
COVID-19 medical image classification has recently gained significant attention as a research field due to the ongoing pandemic. Several researchers have developed deep learning classification and detection models to diagnose COVID-19 accurately and efficiently by classifying radiological images, as shown in this section. However, most existing approaches to the COVID-19 classification problem contain gaps and areas to extend, which we attempt to clarify in this paper. In the following subsections, a review is presented of studies that have adopted contrasting approaches to the problems in the literature. Table 1 summarizes most of the key approaches addressed in these studies. Ensemble learning involves capturing the outputs produced by different classifiers, which helps to ensure a robust prediction and increases the accuracy of deep learning models [38]. Chouhan et al. [39] designed a model based on the performance of the following pre-trained deep learning models for the detection of pneumonia: AlexNet, DenseNet121, ResNet18, Inception-v3, and GoogLeNet. The dataset was obtained from the Guangzhou Women and Children’s Medical Center (GWCMC); it consisted of a total of 5232 images labelled with the following classes: viral pneumonia, bacterial pneumonia, and normal. Random distribution of data into training (5232 images) and test (624 images) datasets was provided to avoid bias in performance. Some of the steps for data preprocessing include noise addition, random horizontal flip, and random-resized crop as augmentation techniques, with the images resized to 224 × 224 pixels. The classification results from the pre-trained CNN models were combined into a prediction vector, and majority voting was applied to generate a final prediction output. The proposed deep learning framework of the ensemble model achieved 96.4% testing accuracy. Khan et al. [40] compared the performance of deep hybrid learning (COVID-RENet-1 and COVID RENet-2) and deep boosted hybrid learning (COVID-RENet-1 and COVIDRENet-2) with the well-established CNNs (i.e., VGG-16/19, GoogLeNet, InceptionV3, ResNet-18/50, SqueezeNet, DenseNet-201, and Xception). Initially, the dataset images were resized to 224 × 224 pixels, followed by data augmentation with the help of rotation, reflection, and scaling operations. The balanced public CXR dataset from the GitHub and Kaggle repositories was divided into 3224 COVID-19-infected and 3224 healthy cases. In order to reduce bias, the dataset images were randomly distributed into training and validation datasets, with 80% of data for system training and 20% for system validation. Within the deep boosted hybrid learning framework, transfer-learning-based fine-tuned deep COVID-RENet-1 and 2 were used for feature extraction, followed by eigenvectorbased transformation using principal component analysis (PCA) and SVM as the final classifier. The authors observed that the deep hybrid learning models outperformed the well-established CNN models, while the deep boosted hybrid learning models performed the most effectively. Al-Waisy et al. [41] also proposed an ensemble COVID-19–DeepNet system based on the integration of a deep belief network and a convolutional deep belief network. The purpose of the system was to differentiate between healthy and COVID-19-infected CXR images. A public dataset consisting of 24,000 CXR images was obtained from GitHub, Radiopaedia, the Italian Society of Medical and Interventional Radiology, the Radiological Society of North America, and Kaggle. A balanced dataset with 400 images for COVID-19 and 400 images for normal cases was used to obtain an augmented dataset with around 24,000 images of 128 × 128 pixels in size. Some of the different operations used for data augmentation included random sampling of data into mutually exclusive training, contrast balancing using contrast-limited adaptive histogram equalization (CLAHE), noise removal with the help of a Butterworth bandpass filter, horizontal flipping, and fivedegree rotation. To avoid bias in the results, the data were randomly distributed into training (75%), testing (25%), and validation (10%) sets. The results from two different deep learning approaches—namely, the deep belief network and the convolutional deep belief network—were fused together by computing predicted probability scores, and the final decision regarding classification was based on decision-level fusion. The proposed model was compared with the state-of-the-art approaches (e.g., COVID-Net, ResNet 50, COVID-ResNet, and EfficientNet-B3 model), and it outperformed other approaches, with a detection accuracy rate of 99.93%. In another study, Mazaar et al. [42] proposed a hybrid model that exploits the potential of deep learning and transfer learning techniques to develop accurate and robust models for detecting COVID-19. The preprocessing function involved transforming the dimensions of the original dataset into 120 × 120 pixels. Three basic blocks were used for building seven different variants. These building blocks included (1) a CNN block, (2) a transfer learning
block using VGG16 or VGG19, and (3) a machine learning block. A publicly available dataset obtained from Kaggle was used with a private dataset from Asir Hospital, Abha, Saudi Arabia, which consisted of a total of 4103 CXR images labelled as COVID-19, viral, or normal. To avoid bias in the performance, a random distribution of data into training (3279 images) and validation (820 images) sets was performed. The hybrid model using VGG-16 with transfer learning was able to outperform all other variants, with an accuracy of 97.6%. Bhowal et al. [38] applied the Choquet integral for ensemble deep learning models and evaluated the fuzzy measures for each classifier using coalition game theory (Shapley value), information theory, and lambda fuzzy approximation. Some of the preprocessing functions involved downscaling of original images to 512 × 512 pixels using bicubic interpolation and color-space translation to convert the original dataset images from RGB to grayscale. For deep feature extraction, three standard deep learning models with pre-trained weights on the ImageNet dataset were used—namely, VGG-16, Xception, and Inception-v3. The authors obtained a public dataset of CXR images from two repositories (namely, GitHub and Kaggle), which was used to create a single dataset called the Novel COVID-19 Chest X-ray Repository. The dataset consisted of 752 COVID-19-infected, 1584 viral pneumonia, and 1639 normal CXR images. Random sampling of images was used for the training, validation, and testing datasets, with the ratio of training, testing, and validation data as 77%:20%:3%, respectively. Finally, the results were combined to generate a final output as one of the following three classes: COVID-19, pneumonia, or normal. The ensemble model outperformed many recent methods, with an area under the curve (AUC) of 0.97 and a validation accuracy of approximately 98.99%. Another method used ECG data for the classification of COVID-19 [43]. The proposed automated tool consisted of four steps: ECG trace image preprocessing, deep feature extraction and feature incorporation, hybrid feature selection, and classification. In the preprocessing stage, the dimensionality of the input image was reduced from the original image (ranging between 952 × 1232 and 2213 × 1572 pixels) to 224 × 224 pixels for ResNet-50, ShuffleNet, and MobileNet and 229 × 229 pixels for Inception-v3, Xception, and Inception-ResNet. The dataset consisted of 250 scans of cases with COVID-19, 848 for trace records of cases with a present or former myocardial infarction and irregular heartbeat, and 859 normal images. To avoid the classification bias arising from class imbalances, the number of images per class was kept equal (i.e., 250 images per class) for the binary and multi-class classification. The proposed method for hybrid feature extraction utilized 10 different DL-based approaches. These networks include Inception–ResNet, ResNet-18, ResNet-50, ShuffleNet, Inception-v3, MobileNet, Xception, Dark-Net-19, DarkNet-53, and DenseNet-201. The fully connected deep features obtained from the different networks were followed by hybrid feature selection utilizing a forward search with a random forest classifier. The performance of the proposed system was compared with ResNet-50, ShuffleNet, and MobileNet to reveal the superior performance of the proposed method. Rajaraman et al. [44] utilized deep ensemble learning via a proposed network that consisted of two stages of pre-training followed by the actual deep learning architecture developed specifically for the recognition of COVID-19, which provided an input CXR of 256 × 256 pixels in size. The first stage of pre-training was composed of different deep learning models (i.e., ResNet18, VGG-16, VGG-19, Xception, Inception-V3, Dense-Net-121, MobileNet-V2, and NasNet-Mobile) with pre-trained weights on an ImageNet dataset, followed by successive layers for zero-padding, fully convolutional layers, pooling layers, dropout, and softmax activation. The second stage of pre-training was based on the firststage pre-training model, followed by additional pooling, dropout, and softmax activation layers. The two stages of pre-training were concatenated with additional pooling and activation layers to provide the final recognition results. The ensemble learning leveraged the top three, top five, and top seven results from the proposed models with majority voting, simple averaging, and weighted averaging to obtain the final results. A total of 720 CXRs from the Montreal COVID-19, Twitter-COVID-19, RSNA, CheXpert, and NIHcollections were used in this study. These data were randomly split into 80% for training and 20% for validation to avoid bias in the performance of the proposed system. The proposed system with deep ensemble learning was able to achieve an accuracy of 90.97%. The proposed deep stacked ensemble in [45] requires the preprocessing stage to reduce the size of the original images to 224 × 224 pixels, which is given as input to the feature extraction module leveraging different deep learning models (i.e., ResNet, MobileNet, Inception, DenseNet, and NasNet). The two models with the best performance are stacked to form a deep ensemble model for COVID-19 prediction. The dataset used in this study contained a total of 2905 images (219 COVID-19 images and 2686 normal class images), which were randomly divided into training (80%) and test sets (20%) by maintaining consistency in class labels at each partition and minimizing classification bias. However, the overall class imbalance was present throughout the training data. The proposed stacked ensemble was able to provide the best accuracy result of 95.1% on the given dataset. The development of COVID-Net and COVID-EnsembleNet was discussed in [46]. The COVID-Net architecture was based on four pairs of consecutive convolution and maximum-pooling layers, with filters ranging from 16 in the first pair to 128 in the fourth pair. These convolutional layer blocks were followed by the flattening operation and two fully connected layers with 128 and 2 filters, where each fully connected layer employed the softmax regression activation function. The COVID-EnsembleNet was constructed using the proposed COVID-Net architecture along with the existing VGG-16 architecture. The dataset used in this study contained 1281 positive cases and 3269 negative cases, with a random distribution of data into training (3641 images), testing (455 images), and validation (455 images) sets to avoid classification bias. Some of the preprocessing functions included image resizing to 224 × 224 pixels, image normalization for faster network convergence, and data augmentation techniques such as random horizontal and vertical image flipping, followed by a random 72-degree rotation. The proposed ensemble model was able to provide binary accuracy of 99.56% and multiclass accuracy of 97.56%. A novel ensemble deep learning model for the detection of COVID-19 from CT images was developed in [47], utilizing 2500 lung CT images from COVID-19 patients, along with 2500 CT images of lung tumors and 2500 CT images of normal lungs from a hospital. These images were randomly distributed into 6000 images for training and 1500 images for validation. Transfer learning was used for model parameter initialization, followed by deep feature extraction using three pre-trained deep convolutional neural network models, namely, AlexNet, GoogLeNet, and ResNet. The ensemble classifier EDL-COVID was obtained via relative majority voting of the aforementioned individual classifiers. With an average accuracy of 99.1%, precision of 99.1%, and recall of 99.6%, the ensemble classifier was able to outperform the results of the individual classifiers. Taken together, the results of these previous studies strongly indicate that deep learning models built using multiple learning algorithms and, in particular, with ensemble learning classifiers, can benefit from improved performance. Nevertheless, it is worth mentioning that these studies have some limitations, not least because building ensemble models based on a single modality (in this case, mainly CT over CXR) leads to clinical challenges because, practically speaking, it is not preferable to expose the patient to CT radiation, and CXR imaging is not sufficient for the diagnosis of COVID-19 without any additional data .
Identification of COVID-19 in CXR Images Using Deep Learning Models

A substantial body of research has been published recently on models for the detection and classification of COVID-19 using binary/multi-class classifiers for CXR images with off-the-shelf networks. In this review, we chose not to address studies with solutions involving binary classification. This is because the ability of AI systems to differentiate between the different classes has considerably improved, as these systems are able to learn from diverse data belonging to different classes [49]. Abdelsamea et al. [50] proposed the use of a CNN called Decompose, Transfer, and Compose (DeTraC); this method helps todeal with any irregularities and the limited availability of annotated CXR images. Their study used data from different sources—80 cases of normal CXR images with 4020 × 4892 pixels from the Japanese Society of Radiological Technology (JSRT), along with 105 and 11 cases of COVID-19 and SARS, respectively, with 4248 × 3480 pixels. Data augmentation techniques were used to generate 1764 samples from the original limited dataset. The different augmentation techniques included random up/down and right/left flipping, random translation, and rotation using five different angles. A histogram modification technique was applied to the augmented images to enhance the contrast of the images. The augmented dataset was randomly divided into 70% training and 30% validation sets to minimize classification bias. An AlexNet network based on shallow learning was used for the class decomposition layer, and different ImageNet pre-trained CNN networks were used for the transfer learning stage. The high-dimensional feature space was substantially reduced using PCA. The highest accuracy was achieved by VGG19 in DeTraC. The accuracy rate after applying the model was 93.1%. Brunese et al. [51] implemented a deep learning model using a dataset containing 6523 CXR images collected from three different CXR image sources. The dataset was labelled with 250 COVID-19 images, 2753 images belonging to patients with other pulmonary diseases, and 3520 normal patients. The preprocessing stage allowed the reduction of the image dimensions to 224 × 224 pixels as well as random distribution into training (2000 images), testing (1100 images), and validation (803 images) sets. Data augmentation was performed via random clockwise and counterclockwise rotation by 15 degrees. The proposed approach is based on a threefold method: Firstly, a process for the detection of any type of pneumonia in the CXR image is conducted. Secondly, if the lungs are not normal, then the system tries to classify between COVID-19 and other pneumonia. Finally, in the event of COVID-19 classification, the images are used to identify the area in the CXR that indicates the presence of COVID-19. The researchers applied the VGG-16 CNN model with 16 layers, which yielded an accuracy of 98% for the detection of COVID 19. The limited number of CXR images that exist for COVID-19 research constituted the focus of the study undertaken by Loey et al. [52]. The dataset used in this research was created by Dr. Joseph Cohen from the University of Montreal; it consists of total 307 CXR images, including 69 from COVID-19 patients, while the remainder belong to normal, bacterial, and viral pneumonia patients. The proposed model consists of two stages: In the first stage, a generative adversarial network (GAN) is used to generate additional images to increase the size of the existing limited dataset. In the second stage, deep transfer learning is used in the training, validation, and testing phases of the proposed model. For their investigation, the researchers selected the following deep transfer learning models: AlexNet, GoogLeNet, and ResNet18. Each of these networks can take an input image of 512 × 512 pixels in size. The choice of the models was due to their architectures, which contain a small number of layers, thereby reducing the processing time, the memory consumed, and the proposed model’s complexity. The highest test accuracy (80.6%) for a scenario that included all four classes was achieved by the GoogLeNet framework. Oh et al. [53] proposed a batch-based CNN approach with a probabilistic Grad-CAM saliency map that was compatible with a batch-based approach. This approach considered the limited availability of CXR images for the classification of COVID-19. The researchers used a public dataset containing 502 CXR images, including 180 COVID-19 images, 191 normal images and 113 belonging to three other classes: viral pneumonia, bacterial pneumonia, and tuberculosis. To reduce classification bias in the system, the data were randomly distributed into training (354 images), validation (49 images), and test (99 images) sets. The CXR images were first preprocessed for data normalization, and the images were resized to 224 × 224 pixels to obtain the preprocessed data. The preprocessed data were then fed into a segmentation network, from which lung areas could be extracted for network training and classification using patch-by-patch training and inference. The final decision regarding the network classification was based on majority voting. The experimental results were stable with a small dataset and achieved 88.9% accuracy using the proposedbatch-based CNN approach. The effects of patch size, different segmentation methods (e.g., U-Net, FC-DenseNet63, FC-DenseNet-103), and training dataset size were also evaluated in relation to the overall performance of the proposed system. An attention-based VGG-16 model was used for the classification of COVID-19 in [54]. A total of 4901 image data were used in this study from three different datasets with their own sets of unique challenges and limitations. The original image size was reduced in dimensions to 224 × 224 pixels. To reduce the classification bias, data from each dataset were randomly divided into 70% training and 30% validation sets. The proposed attentionbased method was based on four main building blocks: an attention module, a convolution module, FC layers, and a softmax classifier. The attention module was used to capture the spatial relationships of visual clues in the COVID-19 CXR images. The output from the attention module was given as an input to both maximum pooling and average pooling on the input tensor, which was the fourth pooling layer of the VGG-16 model in the proposed method. After that, these two resultant tensors (maximum-pooled 2D tensor and averagepooled 2D tensor) were concatenated to one another to perform a convolution, followed by the fully connected layers and the softmax classifier to give the final output. Based on the inherent characteristics and limitations of each dataset, the performance of the proposed approach varied, with the accuracy ranging between 80% and 87%. A deep learning pipeline for the diagnosis and discrimination of viral, non-viral, and COVID-19 pneumonia CXR images was developed in [55]. The dataset used in this study included data from two public datasets: CheXpert and CC-CXRI. The total CXR images included 1571 COVID-19 images, 5656 viral pneumonia images, 11,591 other pneumonia images, and 10,477 normal images. The CXR images were resized to 512 × 512 pixels. The common thoracic disease detection module classified the standardized CXR images into 14 different classes. Multiple external validations were performed, with an average ratio of random training, validation, and testing data distribution amounting to 80%, 10%, and 10%, respectively. The following three modules provide the main functionality of the proposed deep learning pipeline: (1) a CXR standardization module, (2) a common thoracic disease detection module, and (3) a final pneumonia analysis module. The pneumonia analysis module consists of a lung-lesion segmentation model and a final classification model to estimate the subtype of pneumonia and the severity of COVID-19. The lung-lesion segmentation training was based on 1016 CXR images that were manually segmented into four categories and common lesions to develop a model that could differentiate between COVID-19 and other types of pneumonia. The final classification model was developed based on the DenseNet-121 architecture, which was able to perform lung-lesion segmentation and pneumonia diagnosis. The results showed that the proposed deep learning pipeline was able to predict COVID-19 pneumonia with an AUC of 86.8%, along with a recall of 80.65% and precision of 82.05%. Fusion Module–Hand-Crafted Features–Deep Learning Features (FM–HCF–DLF) is another model for COVID-19 CXR classification given in [56]. The study made use of an imbalanced dataset containing 220 images for COVID-19, 27 for normal lungs, 11 for SARS, and 15 for pneumonia. In the preprocessing part of the system, a 1D Gaussian operator was used for noise removal and image smoothing for the input images, followed by resizing the original images down to 299 × 299 pixels. The FM model incorporates the fusion of hand-crafted features with the help of local binary patterns (LBPs) and deep learning. The deep learning (DL) features are computed using the convolutional neural network (CNN)- based Inception-v3 framework, followed by a multilayer perceptron (MLP) to provide the final output classification. The proposed method’s performance was compared with that of traditional ML algorithms to highlight the superior performance of the proposed model, which achieved 94.08% accuracy. CVDNet is a deep convolutional neural network (CNN) model to distinguish COVID-19 infection from normal lungs and other pneumonia cases using chest X-ray images, as presented in [57]. The proposed architecture is based on a residual neural network and is constructed by using two parallel levels with different kernel sizes to capture the localand global features of the inputs. This model is trained on a publicly available dataset containing a combination of 219 COVID-19, 1341 normal, and 1345 viral pneumonia CXR images. The images are randomly distributed into 70% for training, 10% for validation, and 20% for testing to reduce classification bias. Some of the preprocessing functions include cropping and resizing the original images to provide input images of 256 × 256 pixels in size. Two streams with four parallel residual blocks are used for deep feature extraction, followed by feature concatenation leading to a final residual block, and ending with a fully connected layer and a softmax classifier. The proposed system can provide an accuracy of 96.69%, which is comparable to state-of-the-art methods for the classification of COVID-19. Azemin et al. [58] used a ResNet-101-based deep learning model. A total of 10,359 images were used in this study, of which 154 were from COVID-19. Despite the over-whelming imbalance in the dataset used in this study, the authors failed to provide an adequate strategy for mitigating the effects of data imbalance on the overall system performance. The input data were randomly distributed into training (3063 images), validation (1313 images), and test (5828 images) sets to evaluate the performance of the proposed system. The best accuracy provided by the proposed system was 71.9%, which is considerably lower than that achieved in many of the studies discussed in this section. Despite the findings of these studies, there are notable limitations in terms of small sample sizes, the use of too few pneumonia classes, and dependence on one modality. These limitations have implications for the potential use of these research findings in real-world healthcare applications.
CHAPTER 2
LITERATURE SURVEY
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In this paper, modifications in neoteric architectures such as VGG16, VGG19, ResNet50, and InceptionV3 are proposed for the classification of COVID-19 using chest X-rays. The proposed architectures termed “COV-DLS” consist of two phases: heading model construction and classification. The heading model construction phase utilizes four modified deep learning architectures, namely Modified-VGG16, Modified-VGG19, Modified-ResNet50, and Modified-InceptionV3. An attempt is made to modify these neoteric architectures by incorporating the average pooling and dense layers. The dropout layer is also added to prevent the overfitting problem. Two dense layers with different activation functions are also added. Thereafter, the output of these modified models is applied during the classification phase, when COV-DLS are applied on a COVID-19 chest X-ray image data set. Classification accuracy of 98.61% is achieved by Modified-VGG16, 97.22% by Modified-VGG19, 95.13% by Modified-ResNet50, and 99.31% by Modified-InceptionV3. COV-DLS outperforms existing deep learning models in terms of accuracy and F1-score. OVID-19 impacts people in many different ways. The most frequent symptoms are fever, dry cough, and fatigue [3]. Less common symptoms include aches, pains, sore throat, diarrhea, conjunctive, headache, loss of taste or smell, a rash on the skin, and a change in the color of fingers or toes. To contain outbreaks of COVID-19, infected persons must be quarantined; if an infected person is not isolated, they may infect other people. Thus, isolation or quarantine is an effective way to prevent the spread of this virus.
Various tests such as RT-PCR and RAT are used to determine whether a person is infected; however, they are very costly and time-consuming. To overcome these challenges, radiological imaging techniques can be utilized. Well-known imaging techniques include computed tomography (CT) scans and X-rays of the chest. X-ray images are less expensive than CT scans and are more easily available [4]. X-rays can show the affected part of the body, such as the lungs, as well as infection, pneumonia, tumors, and other conditions. With these benefits, X-ray images can also be used to predict cases of COVID-19. When a person is infected, the virus also attacks the lung. Thus, by using a chest X-ray, we can classify a person as either infected or not infected. By using deep transfer learning techniques and a pretrained model, X-ray images can be classified as “COVID-19” or “normal” [5]. In transfer learning, all related information is collected, and this knowledge is “transferred” to solve various other problems [6]. A deep learning (DL) model can be introduced by taking a data set of X-ray images of the human chest The above facts motivated us to design a transfer learning technique for the classification of COVID-19 using chest X-ray images. In this paper, novel deep transfer learning techniques termed “COV-DLS” are proposed for discriminating coronavirus infection in chest X-ray images. COV-DLS consists of two phases: heading model construction and classification. The heading model construction phase utilizes four modified deep learning architectures, namely Modified-VGG16, Modified-VGG19, Modified-ResNet50, and Modified-InceptionV3. 
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oronavirus disease 2019 (COVID-19) is a highly contagious disease that has claimed the lives of millions of people worldwide in the last 2 years. Because of the disease's rapid spread, it is critical to diagnose it at an early stage in order to reduce the rate of spread. The images of the lungs are used to diagnose this infection. In the last 2 years, many studies have been introduced to help with the diagnosis of COVID-19 from chest X-Ray images. Because all researchers are looking for a quick method to diagnose this virus, deep learning-based computer controlled techniques are more suitable as a second opinion for radiologists. In this article, we look at the issue of multisource fusion and redundant features. We proposed a CNN-LSTM and improved max value features optimization framework for COVID-19 classification to address these issues. The original images are acquired and the contrast is increased using a combination of filtering algorithms in the proposed architecture. The dataset is then augmented to increase its size, which is then used to train two deep learning networks called Modified EfficientNet B0 and CNN-LSTM. Both networks are built from scratch and extract information from the deep layers. Following the extraction of features, the serial based maximum value fusion technique is proposed to combine the best information of both deep models. However, a few redundant information is also noted; therefore, an improved max value based moth flame optimization algorithm is proposed. Through this algorithm, the best features are selected and finally classified through machine learning classifiers. The experimental process was conducted on three publically available datasets and achieved improved accuracy than the existing techniques. Moreover, the classifiers based comparison is also conducted and the cubic support vector machine gives better accuracy. The AI-based estimation methods rely on data from the patient's symptoms. A person infected with the coronavirus usually exhibits no signs or symptoms. As a result, identifying an infectious individual is extremely difficult (8). Traditional feature-based approaches and deep learning-based techniques are the two categories of AI-based techniques. Traditional features-based algorithms include some preprocessing procedures, handcrafted features (such as shape, texture, and geometric characteristics), removal of extraneous features, and classification. In deep learning architectures, raw photos are fed into convolutional neural network (CNN) models, which extract features from convolution layers and perform classification using the fully connected layers. Following that, a few researchers used feature optimization methods to select the best features before classifying them with the Softmax classifier.
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The lethal novel coronavirus disease 2019 (COVID-19) pandemic is affecting the health of the global population severely, and a huge number of people may have to be screened in the future. There is a need for effective and reliable systems that perform automatic detection and mass screening of COVID-19 as a quick alternative diagnostic option to control its spread. A robust deep learning-based system is proposed to detect the COVID-19 using chest X-ray images. Infected patient's chest X-ray images reveal numerous opacities (denser, confluent, and more profuse) in comparison to healthy lungs images which are used by a deep learning algorithm to generate a model to facilitate an accurate diagnostics for multi-class classification (COVID vs. normal vs. bacterial pneumonia vs. viral pneumonia) and binary classification (COVID-19 vs. non-COVID). COVID-19 positive images have been used for training and model performance assessment from several hospitals of India and also from countries like Australia, Belgium, Canada, China, Egypt, Germany, Iran, Israel, Italy, Korea, Spain, Taiwan, USA, and Vietnam. The data were divided into training, validation and test sets. The average test accuracy of 97.11 ± 2.71% was achieved for multi-class (COVID vs. normal vs. pneumonia) and 99.81% for binary classification (COVID-19 vs. non-COVID). The proposed model performs rapid disease detection in 0.137 s per image in a system equipped with a GPU and can reduce the workload of radiologists by classifying thousands of images on a single click to generate a probabilistic report in real-time.An eruption of novel coronavirus disease or COVID-19 (previously known as 2019-nCoV) started in China in December 2019. As of 16th September 2020, more than 29.5 million cases have been reported in more than 188 countries, and it has arrond 1 million deaths [1]. COVID-19 is a disease caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) that can be severe in patients with comorbidities and has a fatality rate of 2% [2]. There is an urgent need to take an effective step for the containment of COVID-19 by performing screening tests on a suspected fellow so that the infected person can receive immediate care with more specific treatment and quarantine of the patient can be ensured to limit the spread of the virus The SARS-CoV-2 infection has a wide range of clinical manifestations ranging from asymptomatic infection and mild upper respiratory tract illness to severe viral pneumonia that may culminate in failure of the respiratory system and sometimes death [3]. Real-time reverse transcriptase-polymerase chain reaction (RT-PCR) tests are performed for the qualitative detection of nucleic acid from upper and lower respiratory tract specimens (i.e. nasal, lower respiratory tract aspirates, sputum, nasopharyngeal or oropharyngeal swabs, nasal aspirate) of infected person [4]. Performing RT-PCR testing for COVID-19 will most probably remain the main detection method. However, it is expensive, complicated, and time-consuming for countless patients with a lack of time. Because of the shortage of kits for RT-PCR and relatively high false-negative rate, alternative methods such as the examination of chest X-rays (CXR) can be used for screening. It may be noted that the detection of lung involvement may predict a potentially life-threatening outcome in patients with COVID-19 [5,6].CXR is a non-invasive imaging method and X-rays of the chest are usually done in either anteroposterior (AP view) or Posterior anterior (PA view) of a suspected patient's chest to generate cross-sectional images [7]. These X-ray images are examined by expert radiologists to find abnormal features suggestive of COVID-19 based on extent and type of lesions. Imaging features of the X-ray image of coronavirus affected persons varies as these depend on the stage of infection. The spectrum of radiological findings varies from normal (18% of cases) to 'whiteout Lung'. The usual abnormality seen is bilateral peripheral sub-pleural ground-glass opacities (GGO) and consolidations. "Crazy-paving" pattern and reversed halo sign may be seen [5,6]. There may be a rapid progression in the extent of the lesion in 24–48 h to multilobar to total lung involvement in severe disease [8]. With an increase in the number of patients with COVID-19 disease, the medical community may have to depend on portable CXR images because of its extensive accessibility and reduced infection controlling issues which presently limit the sutilisation of computed tomography (CT) services. With an increase in patient numbers, the workload on radiologists for this diagnostic process is also increasing and lack of availability of radiologists in certain places is also a challenge. Thus, there is an urgent requirement of a device or system which identifies the disease with an acceptable level of accuracy, even without a radiologist's help to save time as well as to preserve the effort for the neediest in these time-constrained settings.The main contribution of the work is to develop a deep learning-based system that can automatically identify the COVID-19 disease in CXR images. For this purpose, we collected so far the largest dataset of COVID-19 patients and examined several different architectures where the most accurate was identified. The used dataset contains CXR database of 659 COVID-19, 1660 healthy and 4265 non-COVID (viral and bacterial pneumonia) samples which were also extended by 300 abnormal samples. Those samples were collected from three local hospitals of India and other countries like China, Italy, Australia, Iran, Spain, Germany, Vietnam, Israel Belgium, Canada, USA, Egypt, Korea and Taiwan making the multiple country dataset comprised of the large variety that may train the model for high robustness. The dataset was split into training, validation (5-fold cross-validation) and test sets. Different dataconfiguration were examined including binaryclassification (COVID-19 or non-COVID), three-class classification (COVID-19, pneumonia or non-COVID), and four-class classification model (COVID-19, normal, bacterial pneumonia, viral pneumonia). The results outperform the previous works in terms of accuracy, speed, and other parameters. CXR images are augmented and annotated to introduce more variation in the dataset and develop a robust Convolutional Neural Network (CNN) model. The proposed framework can be ported into single board computers for low-cost and portable screening framework.The variety of the sample images was collected from various public data sources and globally from several countries and extended from data collected from several hospitals. Thanks to this, we expect to achieve high comprehensiveness of the train model and robustness among a variety of different imaging devices with various settings. We suppose we achieved higher acceptance among a wide range of countries. The image test takes approximately 137 milliseconds per image (system with NVIDIA GeForce GTX 1060 GPU) thus making the model suitable for the online screening of COVID-19 patients on any system equipped with a modern GPU device. The dataset was released online so anyone can benefit from the work or can also extend the work in future with other sources. The experiment is fully reproducible.The rest of the paper is structured as follows. Section 2 discusses the related works in the field of diagnosis of COVID-19. Section 3 describes the datasets used in the experiment and how it was created. It also discusses clinical aspects of the problem and architectures used for detection of COVID-19 cases, including the methodology used for evaluation. Section 4 includes experiments and results for COVID-19 detection and comparison to other works. Finally, section 5 concludes the paper and discusses possibilities regarding future work.
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Since the beginning of the COVID-19 pandemic, many works have been published proposing solutions to the problems that arose in this scenario. In this vein, one of the topics that attracted the most attention is the development of computer-based strategies to detect COVID-19 from thoracic medical imaging, such as chest X-ray (CXR) and computerized tomography scan (CT scan). By searching for works already published on this theme, we can easily find thousands of them. This is partly explained by the fact that the most severe worldwide pandemic emerged amid the technological advances recently achieved, and also considering the technical facilities to deal with the large amount of data produced in this context. Even though several of these works describe important advances, we cannot overlook the fact that others only use well-known methods and techniques without a more relevant and critical contribution. Hence, differentiating the works with the most relevant contributions is not a trivial task. The number of citations obtained by a paper is probably the most straightforward and intuitive way to verify its impact on the research community. Aiming to help researchers in this scenario, we present a review of the top-100 most cited papers in this field of investigation according to the Google Scholar search engine. We evaluate the distribution of the top-100 papers taking into account some important aspects, such as the type of medical imaging explored, learning settings, segmentation strategy, explainable artificial intelligence (XAI), and finally, the dataset and code availabilitySince 2020, we have observed a significant amount of works published describing solutions for the most varied problems that arose due to the COVID-19 pandemic. As a consequence of technological development, many of these works present computer-based solutions to attack those problems. Currently, a large number of medical imaging tests are performed every day because the digital image is quite suitable both for storage and also to support examination. At the same time, it is also widely known that digital imaging is the standard input for research developed by the pattern-recognition and machine-learning communities. Hence, we have faced a boom in the number of works published by these research communities devoted to supporting medical examination from medical imaging. Since the beginning of the pandemic, pneumonia has been one of the most common consequences of COVID-19 due to the high level of exposure to the respiratory system. By searching for works already published in this context, we can easily find thousands of them addressing this topic from the most varied perspectives, such as pneumonia detection, pneumonia classification (in terms of the causative pathogen), lung region segmentation, infection region segmentation, and decision explanation. However, many of these works do not present a very impressive scientific contribution. In this way, here we describe a review of the top-100 most cited works published in the literature within this context according to the Google Scholar search engine (The search was carried out on 12 July 2022). The rationale behind this choice is that the number of citations obtained by a paper is probably the most straightforward and intuitive way to verify the impact of a given work on the research community. In this review, we aim to address some important aspects related to the top-100 selected papers as the predominant computational methods used in this field of research. By analyzing the literature, we can find other reviews evaluating the top-cited COVID-19 papers. However, it is important to point out that, to the best of our knowledge, none of them explored thoracic medical imaging from the same perspective we did here, but from a more broadly oriented point of view [2–4]. This paper is organized as follows: Section 2 describes the study design and illustrates a taxonomy used to conduct the discussions along this work. Section 3 describes some details of the top-25 papers according to the number of citations. Section 4 is composed of specific subsections to discuss the top-100 papers taking into account aspects like type of medical imaging, type of learning, use of a strategy for segmentation, use of XAI, and dataset and code availability. In Section 5, concluding remarks are pointed out, and finally, Appendixwering questionnaires.
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Currently, the detection of coronavirus disease 2019 (COVID-19) is one of the main challenges in the world, given the rapid spread of the disease. Recent statistics indicate that the number of people diagnosed with COVID-19 is increasing exponentially, with more than 1.6 million confirmed cases; the disease is spreading to many countries across the world. In this study, we analyse the incidence of COVID-19 distribution across the world. We present an artificial-intelligence technique based on a deep convolutional neural network (CNN) to detect COVID19 patients using real-world datasets. Our system examines chest X-ray images to identify such patients. Our findings indicate that such an analysis is valuable in COVID-19 diagnosis as X-rays are conveniently available quickly and at low costs. Empirical findings obtained from 1000 X-ray images of real patients confirmed that our proposed system is useful in detecting COVID-19 and achieves an F-measure range of 95–99%. Additionally, three forecasting methods—the prophet algorithm (PA), autoregressive integrated moving average (ARIMA) model, and long short-term memory neural network (LSTM)—were adopted to predict the numbers of COVID-19 confirmations, recoveries, and deaths over the next 7 days. The prediction results exhibit promising performance and offer an average accuracy of 94.80% and 88.43% in Australia and Jordan, respectively. Our proposed system can significantly help identify the most infected cities, and it has revealed that coastal areas are heavily impacted by the COVID-19 spread as the number of cases is significantly higher in those areas than in non-coastal areas. The coronavirus disease (COVID-19) is a global pandemic that was discovered by a Chinese physician in Wuhan, the capital city of Hubei province in mainland China, in December 2019 [1]. Currently, there is no approved human vaccine for combating it. COVID-19 propagation is faster when people are in close proximity. Thus, travel restrictions control the spread of the disease, and frequent hand washing is always recommended to prevent potential viral infections. Meanwhile, fever and cough are the most common infection symptoms. Other symptoms may occur, including chest discomfort, sputum development, and a sore throat. COVID19 may progress to viral pneumonia which has a 5.8% mortality risk. The death rate of COVID-19 is equivalent to 5% of the death rate of the 1918 Spanish flu pandemic. The total number of people infected with COVID-19 worldwide is 5,790,103 as of May 27, 2020 whereas the numbers of reported deaths and recoveries are 357,432 and 2,497,618 respectively. Most of the cases were recorded in the USA, Spain, Italy, France, Germany, mainland China, UK, and Iran [2]. Saudi Arabia, with 78,541 cases, has the highest number of reported cases among all the Arab countries. Meanwhile, the number of reported cases in Jordan is 720, whereas the numbers of deaths and recoveries are 9 and 586 respectively. The number of reported cases in Australia is 7150, whereas the numbers of deaths and recoveries are 103 and 6579, respectively. Since February 2020, information technology services, such as mobile apps, have been used to curb the potential risk of infection in mainland China. The mobile apps suggest users to self-quarantine and alert the concerned health authorities when someone infected by the virus. They also monitor infected people, and the last persons that they had contact with [3]. Since it was first reported, the disease has spread exponentially across the world and has become an international concern. A research conducted by Jiang et al. [4] revealed that the death rate of COVID-19 is 4.5% across the world. The death rate of patients in the age range of 70–79 years is 8.0%, whereas that of patients above 80 years is14.8%. The authors also confirmed that patients above the age of 50 years with chronic illnesses are at the highest risk and should therefore take special precautions. One of the main threats of COVID-19 is its rapid propagation, with an estimated 1.5–3.5 people getting infected by the disease upon contact with an infected person [5]. This implies that if 10 people are COVID-19 positive, they are more likely to infect 15–35 other people. Therefore, COVID-19 can infect a very large number of people in a few days unless intervention measures are implemented. The standard diagnostic technique is the reverse transcription-polymerase chain reaction (RT-PCR) method [1], a laboratory procedure that interacts with other ribonucleic (RNA) and deoxyribonucleic acids (DNA) to determine the volume of specific ribonucleic acids using fluorescence. RT-PCR tests are performed on clinical research samples of nasal secretions. The samples are collected by inserting a swab into the nostril and gently moving it into the nasopharynx to collect secretions. Although RT-PCR can identify the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) strain that causes COVID-19, in some cases, it produced negative test results even though the patients showed progression on follow-up chest computed tomography (CT) scans [6]. In fact, several studies [6-9] have recommend the use of CT scans and X-rays rather than RT-PCR owing to its limited availability in some countries
2.1 EXISTING SYSTEM
· COV-DLS outperforms existing deep learning models in terms of accuracy and F1-score.
· It is observed in the extant literature that the existing models are able to identify COVID-19 from chest X-ray images
· Their proposed technique achieved better results than the existing classical and deep learning techniques, and it can be further enhanced by using the segment of ground-glass opacity.
· The developed technique was tested on three different data sets and achieved better performance measures than the existing deep learning ar
chitectures. 
Disadvantages of existing system
· The dropout layer is also added to prevent the overfitting problem.
· In transfer learning, all related information is collected, and this knowledge is “transferred” to solve various other problems
· The dropout layer is used to prevent the overfitting problem. (e average pooling layer is used to smooth the image.
· Transfer Learning. Transfer learning collects the knowledge gained during learning and applies it to another problem by transferring that knowledge.
· To solve a complex problem, some architectural layers can be appended to increase performance and accuracy. In general, the number of layers is increased to reduce the error rate, but at a certain point, a common problem, known as the “vanishing/exploding gradient,” occurs. ResNet architecture overcomes this problem by introducing skip connections or identity shortcut connection techniques.

2.2 PROPOSED SYSTEM
· The proposed architectures termed “COV-DLS” consist of two phases: heading model construction and classification. (e heading model construction phase utilizes four modified deep learning architectures, namely Modified-VGG16, Modified-VGG19, Modified-ResNet50, and Modified-InceptionV3.
· In this paper, novel deep transfer learning techniques termed “COV-DLS” are proposed for discriminating coronavirus infection in chest X-ray images.
· The sensitivity for the proposed model was 96%, and specificity was 70.65%. Makris et al. [5] developed a DL model to identify COVID-19 patients from chest X-rays; convolutional neural networks (CNN) were utilized in this model.

· We propose vgg16 algorithm to predict covid19  based on  frame-based model that correctly distinguishes COVID-19 LUS Images from healthy and bacterial pneumonia data with a sensitivity of 0.90  0.08 and a specificity of 0.96, 0.04 using CNN Algorithm. 
· To investigate the utility of the proposed Vgg16 method  which compare lung CT scan image with dataset and predict covid - 19.
2.2.1 Advantages of proposed system

· Various tests such as RT-PCR and RAT are used to determine whether a person is infected; however, they are very costly and time-consuming.
· The dropout layer is used to prevent the overfitting problem. (e average pooling layer is used to smooth the image.
· For many years, DL has been widely used in various spheres of industry, such as natural language processing (NLP), video recognition, medical science, and entertainment. In the field of medical science, it has been very useful in predicting and diagnosing diseases such as tumors, pneumonia, and cancer.
·  The is technique is now being used to identify COVID-19 from X-ray images. (is is achieved by using convolutional neural networks (CNN) and transfer learning to optimize the pre
trained models and enhance their performance in identifying COVID-19 from X-ray images.
· Tirteen dif
ferent CNN models were used to achieve 95.38% accuracy by using ResNet50 and SVM. Minaee et al. proposed a model prepared on 5,000 X-ray images (2,000 for training and 3,000 for testing) for the detection of COVID-19. 
· Transfer learning was used to predict COVID-19 patients with the help of ResNet18, ResNet50, SqueezeNet, and DenseNet-121, achieving a sensitivity rate of around 98% and a specificity rate of around 90%

2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 Gb 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER-6
CONCLUSION
CONCLUSION
Despite substantial improvements in AI models and the emergence of extensive research in healthcare applications, there is still a shortage in applying and utilizing AI models in healthcare. Many studies have explored the problem of the classification and detection of COVID-19, especially in light of the influence of the ongoing pandemic. This review shows that most prior studies of COVID-19 image classification are misleading because they used multi-class classifiers (i.e., with only three or four classes) with larger samples for the COVID-19 class compared to the samples for other classes; this gives the algorithm an incorrectly high percentage of sensitivity. In addition, most studies addressing the detection and classification of pneumonia in medical images have focused on differentiating between two or three classes, e.g., viral, bacterial, and COVID-19 infections. Despite this, the ability of AI systems to differentiate between various classes is increasing as they learn from a greater number of classes. Moreover, all approaches that have been used in the literature are based on classifying the dataset using a flat structure; only one study has addressed the efficiency of hierarchical classification compared to flat classification. In the literature, CNN-based classifiers have also been applied on the hierarchical ETHEC dataset. The results demonstrated that the hierarchical structure incorporated the loss function and enhanced generalization across classes. This can be attributed to the exploitation of shared features between classes at different levels, which assists in overcoming the data scarcity problem [93]. In addition, in multiple domains, classifiers in hierarchical models have been shown to reduce classification errors and break down the problem; this leads to a better performance compared to flat models [94]. Surprisingly, several techniques have been used for the detection and classification of COVID-19, but limited research has addressed multimodal deep learning models for heterogeneous data types. It is also notable that most existing models focus on a single feature modality (i.e., medical images), while multimodal features (i.e., those combining more than one aspect of COVID-19 health information, such as medical images, diagnostic data, medication data, and laboratory data) contribute to a superior performance in disease diagnostic processes [35,95]. Furthermore, prior studies have primarily considered the CT scan as the main radiological imaging modality for all infected cases during the ongoing pandemic. Finally, regarding the approaches mentioned earlier in this review, and taking into account its limitations, there is clearly still room to enhance and improve research in this field. By considering the gaps and exploiting the remarkable successes of each prior approach, it is expected that these can be combined into one model that may see widespread clinical adoption in the future
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