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Abstract 

The novel corona virus disease 2019 (COVID-19) constitutes a public health emergency globally. The number of infected 

people and deaths are proliferating every day, which is putting tremendous pressure on our social and healthcare system. Rapid 

detection of COVID-19 cases is a significant step to fight against this virus as well as release pressure off the healthcare system. 

One of the critical factors behind the rapid spread of COVID-19 pandemic is a lengthy clinical testing time. The imaging tool, 

such as Chest X-ray (CXR), can speed up the identification process. Therefore, our objective is to develop an automated CAD 

system for the detection of COVID-19 samples from healthy and pneumonia cases using CXR images. Due to the scarcity of 

the COVID-19 benchmark dataset, we have employed deep transfer learning techniques, where we examined 15 different pre-

trained CNN models to find the most suitable one for this task. A total of 860 images (260 COVID-19 cases, 300 healthy and 

300 pneumonia cases) have been employed to investigate the performance of the proposed algorithm, where 70% images of 

each class are accepted for training, 15% is used for validation, and rest is for testing. It is observed that the VGG19 obtains 

the highest classification accuracy of 89.3% with an average precision, recall, and F1 score of 0.90, 0.89, and 0.90, respectively. 

This study demonstrates the effectiveness of deep transfer learning techniques for the identification of COVID-19 cases using 

CXR. 
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1. INTRODUCTION 

The outbreak of corona virus disease 2019 (COVID-19) proceeds to have an emerging impact on public health and global well-

being. The virus was first recognized in Wuhan, Hubei, China, in December 39 2018, and on March 11, 2020, the world health 

organization (WHO) perceived as a pandemic. 40 Over 12.7 million peoples have been affected with COVID-19 to date (July 

12, 2020) globally, with more than 565,219 losses of life. Studies have discovered that the transmission rate (TR) of the virus 

is extremely frightening, with a generative rate between 2.24 to 3.58, which is enormously higher than any other type of virus 

flu. The remedy for this viral infection is symptomatic and supportive cure since there are no acknowledged vaccines or drugs. 

Early diagnosis and separation of possibly infectious subjects is a significant step to fight against COVID-19 [1]. The gold 

standard screening approach for identifying the corona virus is reverse transcription-polymerase chain reaction (RT-PCR) by 

gene sequencing of respiratory or blood samples. However, this diagnosis practice has a shortage of testing kits, insufficient 

laboratory, time-consuming, laborious, and low sensitivity, which indicates that in contemporary public health emergencies, 

many patients will not identify instantly. So, it will further develop the risk of contaminating a healthy community. Therefore, 

healthcare workers have discovered an alternative screening method that is fast and more sensitive such as chest radiographs 

(Chest X-ray) or computed tomography (CT) imaging that can show visual indicators connected with COVID-19 viral 

infection. Studies have found that patients present deformities in chest radiographs if they are affected with COVID-19 [2]. 

The imaging tool is considered to be a rapid screening tool for the speedy identification of suspected patients in the epidemic 
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area. One considerable drawback for CT imaging is that in many underdeveloped and developing countries, CT scanners are 

not widely available. Usually, when a patient has indications of COVID-19, like fever, cough, or shortness of breath, they are 

recommended to get a chest X-Ray (CXR). The most unusual finding is “ground-glass opacities”, which suggests that some 

portion of lungs resembles a hazy shade of grey instead of being black with excellent white lung markings for blood vessels. 

In critical type COVID-19 patients, multifocal or diffuse consolidation can be seen in both lungs, showing as “white lung”. 

Though the CXR is not very sensitive for mild types of patients, it has been proven effective previously in other types of corona 

viruses, such as severe acute respiratory syndrome (SARS) and the Middle East respiratory syndrome (MERS). Most of the 

hospitals all over the world have conventional radiographs or CXR machines that can produce 2-dimensional (2D) images of 

a patient’s chest. However, the requirement of expert 68 radiologists and considerable time to analyze the CXR is the main 

challenge during the pandemic. Therefore, to develop an automated computer-aided diagnostic (CAD) system that can help the 

doctor to track the COVID-19 infection more efficiently and accurately [4]. The performance of a CAD method entirely 

depends on image representations (or features). In favor of obtaining a good representation of image data, a significant effort 

is demanded in image preprocessing and conversion, which is arduous and highlights the inability of automatic learning. 

Therefore, a deep learning (DL) approach can optimize the training process in this regard by extracting the hierarchical image 

features without human intervention. In the last few years, DL models have been successfully implemented in numerous 

medical image analysis tasks such as breast cancer, cervical cancer, lung cancer, classification of lung nodules and achieving 

state of the art result over other machine learning models. The main challenge to obtain an efficient CAD system is not only 

due to the low contrast images and overlapping of soft tissues by chest ribs but also insufficient of annotated dataset [5]. Deep 

learning technique requires a large amount of dataset to obtain excellent performance. In this study, an automated CAD system 

is introduced based on deep convolutional neural networks to recognize COVID-19 CXR images from normal and pneumonia 

cases. Moreover, we have adopted a deep transfer learning technique to overcome the insufficient data and training time that 

is pre-trained 84 on the Image Net dataset. We have utilized 15 different state of the art pre-trained CNN models and compare 

their results to find a suitable model for this task. The workflow diagram of the proposed method is presented. Here, the CXR 

images are first acquired from publicly accessed databases and used as training samples. Then, in the preprocessing step, 

images are augmented to enhance the classification performance and resized since the acquired images appeared with various 

sizes. Later, the transfer learning technique is employed to extract features and do the classification. Finally, unseen test images 

are supplied to the network to evaluate the performance by calculating accuracy, precision, recall, and F1-score of the proposed 

method. While there are many studies of COVID-19 identification using CXR transfer learning, the relative performance results 

are not apparent when different deep learning models are utilized [6-8]. This paper focuses on CNN model performance 

comparisons for CXR COVID-19 identification using transfer learning. The comparative study using 15 different deep learning 

models and evaluation structure is very important because such an investigation in the field of detecting COVID19 cases using 

CXR images has been missing. Researchers have contributed to comparison studies in different research domains [9]. For 

instance, a comparative study to differentiate ultrasonic breast masses is performed using five different transferred deep 

learning models, six different deep learning models are analyzed to identify plant diseases, deep transfer learning techniques 

are compared for object recognition from digital pathology images a comparative study among deep CNN and edge detectors 

to detect a crack in concrete images thee machine learning models are employed to compare the accuracy of medical images, 

feature learning methods are compared to recognize human activity and so on. Therefore, we want to contribute to this domain. 

To the best of our knowledge, no paper, therefore, presents a rigorous comparison of the state of the art deep learning 

approaches similar to this paper [10-12]. 

 

In this study, a dataset of X-ray images from patients with common bacterial pneumonia, confirmed Covid-19 disease, and 

normal incidents, was utilized for the automatic detection of the Corona virus disease. The aim of the study is to evaluate the 

performance of state-of-the-art convolutional neural network architectures proposed over the recent years for medical image 

classification. Specifically, the procedure called Transfer Learning was adopted. With transfer learning, the detection of various 

abnormalities in small medical image datasets is an achievable target, often yielding remarkable results. The datasets utilized 

in this experiment are two. Firstly, a collection of 1427 X-ray images including images with confirmed Covid-19 disease, 

images with confirmed common bacterial pneumonia, and 504 images of normal conditions. Secondly, a dataset including 

images with confirmed Covid-19 disease, images with confirmed bacterial and viral pneumonia, and images of normal 

conditions. The data was collected from the available X-ray images on public medical repositories. The results suggest that 

Deep Learning with X-ray imaging may extract significant biomarkers related to the Covid-19 disease, while the best accuracy, 

sensitivity, and specificity obtained is 96.78%, 98.66%, and 96.46% respectively. Since by now, all diagnostic tests show 

failure rates such as to raise concerns, the probability of incorporating X-rays into the diagnosis of the disease could be assessed 

by the medical community, based on the findings, while more research to evaluate the X-ray approach from different aspects 

may be conducted[15]. 

 

With more than 9,00, 000 confirmed cases worldwide and nearly 50,000 deaths during the first 3 months of 2020, the corona 

virus disease 2019 (COVID-19) pandemic has emerged as an unprecedented health care crisis. The spread of COVID-19 has 

been heterogeneous, resulting in some regions having sporadic transmission and relatively few hospitalized patients with 

COVID-19 and others having community transmission that has led to overwhelming numbers of severe cases. For these 
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regions, health care delivery has been disrupted and compromised by critical resource constraints in diagnostic testing, hospital 

beds, ventilators, and health care workers who have fallen ill to the virus exacerbated by shortages of personal protective 

equipment. Although mild cases mimic common upper respiratory viral infections, respiratory dysfunction becomes the 

principal source of morbidity and mortality as the disease advances. Thoracic imaging with chest radiography and CT are key 

tools for pulmonary disease diagnosis and management, but their role in the management of COVID-19 has not been considered 

within the multivariable context of the severity of respiratory disease, pretest probability, risk factors for disease progression, 

and critical resource constraints. To address this deficit, a multidisciplinary panel comprised principally of radiologists and 

pulmonologists from 10 countries with experience managing patients with COVID-19 across a spectrum of health care 

environments evaluated the utility of imaging within three scenarios representing varying risk factors, community conditions, 

and resource constraints. Fourteen key questions, corresponding to 11 decision points within the three scenarios and three 

additional clinical situations, were rated by the panel based on the anticipated value of the information that thoracic imaging 

would be expected to provide. The results were aggregated, resulting in five main and three additional recommendations 

intended to guide medical practitioners in the use of chest radiography and CT in the management of COVID-19[16]. 

 

Amyloid beta (Aβ) plaques aggregation is considered as the “start” of the degenerative process that manifests years before the 

clinical symptoms appear in Alzheimer’s disease (AD). The aim of this study is to use back propagation neural networks 

(BPNNs) in 18F-florbetapir PET data for automated classification of four patient groups including AD, late mild cognitive 

impairment (LMCI), early mild cognitive impairment (EMCI), and significant memory concern (SMC), versus normal control 

(NC) for early AD detection. Five hundred images for AD, LMCI, EMCI, SMC, and NC, i.e., 100 images for each group, were 

used from the Alzheimer’s disease Neuro imaging Initiative (ADNI) database. The results showed that the automated 

classification of NC/AD produced a high accuracy of 87.9%, while the results for the prodromal stages of the disease were 

66.4%, 60.0%, and 52.9% for NC/LCMI, NC/EMCI and NC/SMC, respectively. The proposed method together with the image 

preparation steps can be used for early AD detection and classification with high accuracy using Aβ PET dataset [17]. 

 

The long short-term memory (LSTM) model is one of the most commonly used vehicle trajectory predicting models. In this 

paper, we study two problems of the existing LSTM models for long-term trajectory prediction in dense traffic. First, the 

existing LSTM models cannot simultaneously describe the spatial interactions between different vehicles and the temporal 

relations between the trajectory time series. Thus, the existing models cannot accurately estimate the influence of the 

interactions in dense traffic. Second, the basic LSTM models often suffer from vanishing gradient problem and are, thus, hard 

to train for long time series. These two problems sometimes lead to large prediction errors in vehicle trajectory predicting. In 

this paper, we proposed a spatiotemporal LSTM-based trajectory prediction model (ST-LSTM) which includes two 

modifications. We embed spatial interactions into LSTM models to implicitly measure the interactions between neighboring 

vehicles. We also introduce shortcut connections between the inputs and the outputs of two consecutive LSTM layers to handle 

gradient banishment. The proposed new model is evaluated on the I-80 and US-101 datasets. Results show that our new model 

has a higher trajectory predicting accuracy than one state-of-the-art model [maneuver-LSTM (M-LSTM)] [18]. 

 

Due to its low price, webcam has become one of the most promising sensors with the rapid development of computer vision. 

However, the accuracies of eye tracking and eye movement analysis are largely limited by the quality of the webcam videos. 

To solve this issue, a novel eye movement analysis model is proposed based on five eye feature points rather than a single 

point (such as the iris center). First, a single convolutional neural network (CNN) is trained for eye feature point detection, and 

five eye feature points are detected for obtaining more useful eye movement information. Subsequently, six types of original 

time-varying eye movement signals can be constructed by feature points of each frame, which can reduce the dependency of 

the iris center in low quality videos. Finally, behaviors-CNN can be trained by the time varying eye movement signals for 

recognizing different eye movement patterns, which is capable of avoiding the influence of errors from the basic eye movement 

type detection and artificial eye movement feature construction. To validate the performance, a webcam-based visual activity 

data set was constructed, which contained almost 0.5 million frames collected from 38 subjects. The experimental results on 

this database have demonstrated that the proposed model can obtain promising results for natural and convenient eye 

movement-based applications [18] 

 

Hand detection is essential for many hand related tasks, e.g., recovering hand pose and understanding gesture. However, hand 

detection in uncontrolled environments is challenging due to the flexibility of wrist joint and cluttered background. We propose 

a convolutional neural network (CNN), which formulates in-plane rotation explicitly to solve hand detection and rotation 

estimation jointly. Our network architecture adopts the backbone of faster R-CNN to generate rectangular region proposals and 

extract local features. The rotation network takes the feature as input and estimates an in-plane rotation which manages to align 

the hand, if any in the proposal, to the upward direction. A derotation layer is then designed to explicitly rotate the local spatial 

feature map according to the rotation network and feed aligned feature map for detection. Experiments show that our method 

outperforms the state-of-the-art detection models on widely-used benchmarks, such as Oxford and Ego hands database. Further 

analysis show that rotation estimation and classification can mutually benefit each other[19].  
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Finding an appropriate set of features is an essential problem in the design of shape recognition systems. This paper attempts 

to show that for recognizing simple objects with high shape variability such as handwritten characters, it is possible and even 

advantageous, to feed the system directly with minimally processed images and to rely on learning to extract the right set of 

features. Convolutional Neural Networks are shown to be particularly well suited to this task. We also show that these networks 

can be used to recognize multiple objects without requiring explicit segmentation of the objects from their surroundings. The 

second part of the paper presents the Graph Transformer Network model which extends the applicability of gradient-based 

learning to systems that use graphs to represents features, objects, and their combinations [20]. 

 

2. EXISTING SYSTEM 

In this paper using Chest X-Ray dataset and Convolution Neural Network to predict Covid-19 disease. CNN gaining popularity 

in almost all fields for its better prediction accuracy compare to traditional machine learning algorithms such as SVM, Random 

Forest etc. One of the critical factors behind the rapid spread of COVID-19 pandemic is a lengthy clinical testing time. The 

imaging tool, such as Chest X-ray (CXR), can speed up the identification process. Therefore, our objective is to develop an 

automated CAD system for the detection of COVID-19 samples from healthy and pneumonia cases using CXR images. Due 

to the scarcity of the COVID-19 benchmark dataset, we have employed deep transfer learning techniques, where we examined 

15 different pre-trained CNN models to find the most suitable one for this task 

 

Disadvantage of existing system: 

1. Less Accuracy. 

 

3. PROPOSED SYSTEM 
 

In propose paper training CNN model with chest X-Ray and then can apply new test images on that CNN model to predict 

whether image contains any viral infection and in dataset we have 21 different types of viral infections. Showing all 21 names 

of viral infections CNN model will take above images as input and then apply filtration to choose important features from 

dataset images and then remove all unimportant features. All important features will be collected at MAX POOLING layer and 

pass from one CNN layer to other CNN layer for further filtration using DENSE layer. Using FLATTEN layer all multi-

dimensional images will be converted to single layer and the output prediction layer will be define to predict one class from 21 

different classes of disease images. 

 

Advantage of proposed system: 

1. More Accuracy. 

 

MODULES 
 

1. Upload Covid-19 Chest X-ray Dataset: 

Upload Covid-19 Chest X-ray Dataset is the first module in our project, then the Dataset Loaded and Which Contains Dataset 

Images. 

 

2. Preprocess Dataset: 

Preprocess Dataset is the second module in our project, to read all images and then convert all image Into equal size and then 

normalize all pixels of images to have better prediction result. 

 

3. Build CNN Covid-19 Model: 

Build CNN Covid-19 Model to generate CNN model on loaded dataset and CNN model generated and its prediction accuracy 

is 89% and we can see below black console to see CNN layer details or its summary. 

 

4. Upload Test Data & Predict Disease: 

Upload Test Data & Predict Disease module is used to we can see images are filtered at different layer with different image 

sizes where at first layer 62 X 62 image size was used and in second layer 31 X 31 and goes on. And upload new test image 

and then application will predict disease from that image. 

 

5. Accuracy Comparison Graph: 

In graph green line represents accuracy and blue line represents loss. In graph x-axis represents epoch/iteration and y-axis 

represents accuracy and loss values and to build CNN took 10 iterations and we can see at each increasing iteration Accuracy 

get increase and LOSS get decrease. 
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4. IMPLEMENTATION 

 

To evaluate the performance of the recommended method, we have calculated the precision, recall,F1 score, and accuracy of 

each model. The performance metrics of different deep TL models for the identification of COVID-19 cases from healthy and 

pneumonia cases on the testing dataset. The accuracy of testing data demonstrates the accuracy of any deep learning models. 

n the normal image class, 48 images are identified precisely; but, one image is listed in each COVID and Pneumonia class. 

Lastly, in the Pneumonia class, 39 copies are distinguished correctly, yet 10 images are predicted as normal and one as COVID. 

In the model, it is observed that 36 images are correctly categorized as normal but four images as pneumonia. The model also 

classifies 47 samples accurately, although two as COVID and one as pneumonia. Finally, 41 images are listed correctly as 

pneumonia; however, eight as normal and one as COVID. We have selected a few training and loss curves per CNN model 

series to provide a glimpse of how the networks perform concerning to epoch in Figure 5. It is perceived from the figure that 

the VGG series has the most stable curves and delivers the highest training and validation accuracy. If we study the accuracy 

and loss curves of VGG16 and VGG19, it is discerned that both of the operations develop a similar trend. The accuracy curves 

of train data for both the network is increasing quickly to around 82% form epoch 0 to 10 and converges to a value of over 

88% after epoch 50. Similarly, the Accuracy curve of validation data reaches to around 88%. For the loss curve of training and 

validation data, the loss swiftly decreases to approximately 1% within the first five epochs and stays stable until 50 periods. 

However, if we observe the training and loss curves of the worst accomplishing networks such as MobileNetv1 and 

InceptionResnetV2, it is regarded that the training and validation accuracy is fluctuating considerably and produce training 

accuracy of about 61% and 68%, respectively, after slightly higher. It is also recognized that for XceptionNet, the validation 

accuracy is slightly higher than the training accuracy is because the Xception model holds dropout configuration, where the 

training accuracy states with the dropout, but validation accuracy is without dropout. 

 

 
 

The learning rate will gradually reduce by a factor of 0.3. This function also helps the network to reduce the overfitting problem. 

Fig. 1-(c) shows some representative feature maps extracted from the 1st convolution layer of the network. It demonstrates that 

the TL technique is capable of extracting some necessary information from the images 

 

5. RESULTS AND ANALYSIS 

To select a suitable evaluation metric is essential to overcome the bias among the differentiation of algorithms. For the 

classification standard, precision, recall, F1 score, and accuracy are the most prevalent measures [6, 7]. Precision is the number 

of correctly identified samples among all the identified samples. The recall is the number of correctly identified samples from 

all the positive representations. F1 score is the harmonic average of precision and recall. Accuracy is the proportion of correctly 

classified samples from the total number of samples [2] exhibits the mathematical expression for precision, recall, F1 score, 

and accuracy. In the number of accurately labeled positive samples is TP (True Positive), the correctly detected negative sample 

is TN (True Negative), the number of negative examples classified as positive is FP (False positive), and the number of positive 

specimens predicted as unfavorable is FN (False Negative). For multiclass classification finding the values of TP, TN, FP, FN 

is a bit different than the binary classification problem since there are no positive or negative classes. In a confusion matrix 

(assuming x axis is the predicted class label and y-axis is the true label), the total number of TP for a class is when the predicted 

class match with the target class. FN for a class is the sum of the values in a corresponding row, excluding the TP value. For a 

class, FP is the sum of the values in a corresponding column, excluding the TP value. TN for a particular class will be the sum 

of all columns and rows, excluding that class’s column and row. 
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In above screen click on ‘Upload Covid-19 Chest X-ray 

Dataset’ button and upload dataset 

 
In above screen selecting and uploading 

ChestXrayImageDataset’ folder which contains dataset 

images and then click on ‘Select Folder’ button to get 

below screen 

 
In above screen dataset processed and to test whether 

application reading all images properly so I am displaying 

one loaded sample image and now close above image to get 

below screen 

 
In above screen application found total 820 images and 

now images are ready and now click on ‘Build CNN 

Covid-19 Model’ button to generate CNN model on 

loaded dataset and to get below screen 

 

 
In above screen CNN model generated and its prediction 

accuracy is 89% and we can see below black console to see 

CNN layer details or its summary 

 
In above console we can see images are filtered at different 

layer with different image sizes where at first layer 62 X 

62 image size was used and in second layer 31 X 31 and 

goes on. Now 56 CNN model is ready and now click on 

‘Upload Test Data & Predict Disease’ button to upload 

new test image and then application will predict disease 

from that image 
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In above screen selecting and uploading ‘6.jpg’ and then 

click on ‘Open’ button to get below prediction result 

 
In above screen disease predicted as ‘Pneumonia’ and 

similarly you can upload other images and get prediction 

result. Now click on ‘Accuracy Comparison Graph’ 

button to get below graph In above 

 

In above screen in blue colour text printing detected disease 

in uploaded image and now uploads another image and test 

In above screen selecting and uploading ‘1.jpg’ and then 

click on ‘Open’ button to load image and to get below 

prediction result 

 

 
In above graph green line represents accuracy and blue line represents LOSS. In above graph x-axis represents 

epoch/iteration and y-axis represents accuracy and loss values and to build CNN took 10 iterations and we can see at each 

increasing iteration Accuracy get increase and LOSS get decrease 

 

CONCLUSION  

The COVID-19 corona virus infection is threatening the life of billions of people because of its extremely contagious nature. 

According to WHO, the number of infected people and deaths are increasing rapidly. This viral infection inflames the lungs of 

the infected people. Therefore, one of the possible approaches to recognize those inflames by chest x-ray. In this study, we 

have presented an automated CAD technique to detect COVID-19 cases from pneumonia and healthy cases using chest x-ray 

images. We have utilized 15 different deep transfer learning models and the performance is evaluated using different 

performance metrics. The obtained results confirm that the VGG series are the most suitable models in this task.  
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