
Chest X-ray scanning based detection of COVID-19
using deepconvolutional neural network
Samir Yadav  (  ssyadav@dbatu.ac.in )

Dr. Babasaheb Ambedkar Technological University, Lonere, Raigad, India
Jasminder Kaur Sandhu 

Chitkara University Institute of Engineering and Technology, Punjab, India
Yadunath Pathak 

Indian Institute of Information Technology, Bhopal, India
Shivajirao Jadhav 

Dr. Babasaheb Ambedkar Technological University, Lonere, Raigad, India

Research Article

Keywords: Coronavirus, COVID-19, Chest X-rays, CNN, Transfer learning, CT scan

Posted Date: August 14th, 2020

DOI: https://doi.org/10.21203/rs.3.rs-58833/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-58833/v1
mailto:ssyadav@dbatu.ac.in
https://doi.org/10.21203/rs.3.rs-58833/v1
https://creativecommons.org/licenses/by/4.0/


 
 

 

 

Chest X-ray scanning based detection of COVID-19 using deep 

convolutional neural network 

 
Samir Yadav1 

· Jasminder Kaur Sandhu 2 
· 

Yadunath Pathak 3 
· Shivajirao Jadhav 4 

 

 

 
Abstract Everyone’s life on earth influenced by a global coronavirus outbreak COVID- 

19. Two regular practices, pathology tests, and Computer Tomography (CT) scan used to 

diagnose COVID-19. Pathology tests produce a considerable amount of false-positives & 

are time-consuming, whereas CT scans tests are costly and require expert advice. Hence, 

the main aim of this work is to develop a fast, accurate, and low-cost diagnostic system  

for detection of COVID-19 using inexpensive chest X-rays and the modern Deep Con- 

volutional Neural Network(CNN) approach to assist medical professionals. In this study, 

two pre-trained CNN models (VGG16 and InceptionV3) are evaluated by several exper- 

iments using data augmentations. The analysis is based on 2905 images of chest X-rays 

with 219 confirmed positive COVID-19 and 1345 positive pneumonia cases taken from the 

open-source database consisting of patients suffering from the COVID-19 disease. Since   

a database consists of multiple types of diseases, multiclass classification for diagnosis of 

COVID-19 is used. The InceptionV3 model provides the highest classification accuracy 

(99.35% and 98.29%) for two binary classifications (normal vs. COVID-19 and COVID- 

19 vs. Pneumonia) compare to VGG16 model’s accuracy (97.71% and 96.27%). Whereas, 

VGG16 provides highest accuracy (98.84%)for multiclass-classification(normal vs COVID- 

19 vs pneumonia) as compared to VGG16 model’s accuracy(96.35%). 

Keywords Coronavirus · COVID-19 · Chest X-rays · CNN · Transfer learning · CT scan 

 

 

Corresponding author: 

3Samir Yadav 

Assistant Professor, 

Department of Information Technology, 

Dr. Babasaheb Ambedkar Technological University, Lonere. 

Mob.: +91-9011757323 

E-mail: ssyadav@dbatu.ac.in 

Noname manuscript No. 

(will be inserted by the editor) 

mailto:ssyadav@dbatu.ac.in
mailto:v@dbatu.ac.in


2 Samir Yadav et al. 
 

 

 
 

1 Introduction 

 
COVID-19 is an exceptionally infectious disease caused by extremely severe respiratory 

symptoms Coronavirus 2 [1]. The virus was initially founded in Wuhan city of China, in 

December 2019. Thereafter this disease has reached all over the world, influencing more 

than 235 nations [2, 3]. Due to this, the World Health Organization (WHO) has announced 

the ongoing pandemic of COVID-19, a Public Health Emergency of International Concern. 

This has made several countries abroad implement policies to impose lockdown to prevent 

the spread of the Coronavirus. It is essential to detect infected people for quarantine and 

treatment procedures as soon as possible [4]. Till 2nd August 2020, there are a total of 

17.6 million confirmed cases, 680 000 deaths and over the past seven days, the pandemic 

has continued to accelerate with almost 1.8 million new cases and 40 thousand new deaths 

reported a daily average of 256 294 cases and 5675 deaths per day. It took only 4 days for 

the number of cases to increase from 16 million to 17 million instances in approximately 

235 countries and territories across the globe [5] shown in figure 1. 

The test of COVID-19 is a problematical situation for everyone, even in developed na- 

tions, since the diagnosis system and its test kits are very limited and also not available 

everywhere in the world [6]. Currently, many researchers and institutes are working on di- 

agnosis of COVID-19 disease [7, 8, 9, 10]. There are several ways to diagnose COVID-19 

positive patients at early stages considering their symptoms as well as with the assistance 

of pathology test, Computer Tomography (CT) scan [11, 9]. To investigate early symptoms 

of COVID-19 is not a useful diagnostic procedure since there are some cases where people 

have the symptoms but are still not COVID -19 infected as confirmed by the pathological test 

or CT scan. Though the pathological test is one of the useful ways of diagnosing COVID-19 

cases. However, this test has some limitations as they can be carried out in pathological labs 

which are available in city centers only and demand time-consuming precisions. This can 

cause a problem as the positive patients cannot be isolated earlier, and they can infect more 

people through the crucial time of unrestricted movement [12, 13]. CT scan is also one of 
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Fig. 1 Total confirmed cases of COVID-19 by country and territory (as of 20 April 2020) [4] 

 

 
the popular methods for diagnosis of COVID-19 [14]. However, the problem in this radio- 

logical imaging is the overlapping with other diseases. When a COVID-19 patient is infected 

with another lung disease such as pneumonia, then it is difficult for a medical professional 

or a radiologist to diagnose these both similar looking CT scan images [15]. Also, one of 

the major disadvantages of COVID-19 diagnosis using a CT scan is its high radiation dose 

and its high cost, as it is not easy for common people to use this procedure [16]. Traditional 

radiography or Chest X-Ray (CXR) images can overcome the problem of costly CT scans 

and pathological tests because CXR is less costly and has minimal harmful consequences. 

Also, CXR is capable of identifying various lung diseases earlier [17]. The CXR imaging 

is a non-invasive procedure that takes 2-3 minutes to capture the image, and results can be 

fetched within thirty minutes. The modern radiographical machines are affordable for aver- 

age income countries or underdeveloped countries [18]. Hence, in this research work, CXR 

is used to identify the deadly COVID-19 coronavirus. 

 

The X-rays are beneficial in diagnosing several diseases, on the other hand, the lack   

of medical professionals and radiologists for reviewing X-rays is a significant challenge all 

over the world. To review X-ray is a challenging task for an inexperienced radiologist be- 
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cause it does not contain a piece of spatial information concerning the disease and also the 

overlaps of different portions of the body may hide infected tissues. Additionally, several 

X-rays are complicated to review when lesions are in low contrast or overlap in large pneu- 

monic veins. Sometimes, an expert radiologist also takes more time to read and address each 

X-ray image, which can cause misdiagnosis due to exhaustion. The field of clinical diagno- 

sis quickly improves with the introduction of Artificial Intelligence and Machine Learning. 

With the development of computer technology and statistical Machine Learning algorithms, 

Computer-Aided Diagnosis (CAD) has achieved rapid growth in the field of medical imag- 

ing. CAD can overcome the problem of radiologists, including the discovery of small le- 

sions, the analysis of morphology and lesions [19]. However, traditional computer vision 

mainly used various operators to extract the features of images and then classifies them  

by Machine Learning algorithms. The modern Machine Learning approach, called Deep 

Convolutional Neural Network (CNN), can abstract the high-dimensional expression of the 

image through convolution, downsampling, to effectively diagnose images. Since CNN is an 

end to end network and can be trained very easily, therefore it is very useful for diagnosing 

X-ray images. CNN does not require any expert for feature extraction as they are trained by 

using raw images and labeled data for classification. In recent years, several images based 

CAD systems are developed in the medical field [20, 21, 22, 23, 24, 25]. Also, in another re- 

search work [26] Deep CNN model has been implemented successfully on a CXR dataset 

to classify pneumonia, which further motivates the use of Deep CNN for different image 

datasets. 

 

 
 

In this work, a total of 2905 CXR images is used with 209 confirmed positive COVID- 

19 and 1341 positive pneumonia cases to train the CNN model for classifying them as novel 

COVID -19 diseases and normal images. To carry out this research, each X-ray image is 

labeled as a normal type or COVID-19 type or pneumonia type for CNN based automatic 

analysis. In the next step different CNN models are trained by using these labeled CXR 

images to find out three image classification problems: Classifying 1) COVID-19 images 

versus normal images (binary classification), 2) COVID-19 images versus pneumonia im- 

ages (binary classification), 3)COVID-19 images versus pneumonia images versus normal 

images (multiclass classification problem). To perform this classification, two pre-trained 

CNN model of transfer learning VGG16 and InceptionV3 are used. Their performance is 
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finally compared using hyperparameter tuning and data augmentation techniques. 

 
 

The remaining paper is structured as Section 2 explains the background of the method- 

ology used in this paper. In section 3 and 4, the detailed experimental design and results are 

discussed. Finally, section 5 summarizes the conclusion and suggests further improvements 

in this direction. 

 

 
2 Background 

 
2.1 Convolutional Neural Network 

 
A Convolutional Neural Network (CNN) is a class of feed-forward neural networks. CNN 

is built on top of four key ideas: local connection, sharing weights, pooling, and use of mul- 

tiple layers. The architecture of a typical CNN (Figure 2) is composed of these layers; in a 

first part: convolution layer, ReLU (Rectified Linear Units), pooling layer and in a second 

part: fully connected layer, loss layer [27]. 

 
The convolution layer applies a set of discrete convolutions on the output of the previous 

layer. Each convolution is done using a kernel (also called: mask, filter bank) and produces 

a 2D feature map. This layer is also seen as a layer with local connections so that a neuron is 

connected only to neurons of the previous layer in the same region. Local connections give 

the ability to the layer to detect local patterns from the previous layer. Moreover, the weights 

of the local connections are shared among all neurons in the layer, this means that the same 

local pattern can be detected in the same way anywhere in the previous layer. 

 
The ReLU applies a non-linear function f (x) = max(0, x) to the output of the previous 

convolution layer. Other non-linear activation functions are available such as hyperbolic tan- 

gent, sigmoid function. The ReLU is the most common among these because the training of 

the neural network is faster using this function [28]. 

 
The pooling layer splits the output of the previous layer into a grid, then on each cell  

of the grid, a pooling function is applied and outputs only a single value. Thus, the pooling 

layer is a down-sampling step, the resolution of the grid can vary and affects the sampling 
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Fig. 2 Architecture of basic Convolutional Neural Network 

 

 

 
rate. This layer merges multiple semantically similar features into one. Due to the down- 

sampling, the position of the feature is not accurately preserved, therefore an invariance to 

small shifts or distortions is spawned. The position of a feature is not as important as its 

relative position to other features. A typical pooling function outputs the maximum value of 

a local patch. 

 

 
Repeating these layers several times in this order: convolution, ReLU, and pooling, one 

can exploit the fact that high-level features are composed of low-level features. The first 

group of layers can detect small details such as edges and contours. The second layer can 

detect higher-level features such as motifs. This process is repeated so that firstly, edges are 

merged into motifs, motifs into parts and finally parts into objects. The architecture of a very 

basic CNN is shown in Figure 2. 

 

 
After the first part composed of convolution layers, ReLU, and pooling layers; a second 

part of the neural network is composed of fully-connected layers and a loss layer. Loss lay- 

ers are used to train CNN using different functions such as softmax function and sigmoid 

cross entropy function. This second part is a classical feed-forward neural network used to 

classify the features coming from the first part. The training of CNN is possible using the 

backpropagation algorithm. Because of the local connectivity and the shared weights, there 

are lesser parameters in the model. Thus, the network is less prone to overfitting and gener- 
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alizes better.In addition to all these layers, the batch normalization and dropout techniques 

are also applied for improving the performance of CNN. 

 
 

2.2 Image Classification Problem 

 
Image classification is one of the biggest problems in the medical field. The major goal of 

medical image classification is to classify images of the different diseases setting possible 

labels. Using a deep learning approach this problem can be solved with the help of transfer 

learning. Transfer learning is one of the popular approaches in Machine Learning which can 

be useful for building an accurate and higher performance model in a short time-span. In 

computer science, transfer learning is expressed through the utilization of pre-trained model 

state-of-art CNN models. A pre-trained or previously trained model is a model trained on a 

large dataset to solve a problem close to the issue investigated in this paper. 

In this paper, to solve the problem of chest x-ray classification and to improve the per- 

formance of a CNN model, two pre-trained CNN (VGG16 and InceptionV3) models for the 

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) are presented. All of them 

are implemented in the Keras library and are used later in this paper. 

The VGG16 Model 

 
The VGG network [29] was created in 2014 for ILSVRC. The authors investigated the effect 

of depth on accuracy. For that purpose, they use a simple convolutional neural network with 

very small (3x3) convolution filters with stride and pad of 1, 2x2 max-pooling with stride 

2, and push the depth to 16-19 layers, which was sufficient at that time. To identify large 

images VGG16 models are used. This model is shown in Figure3. VGG16 model was sent 

for the ILSVRC-2014 competition and trained for several weeks using NVIDIA TITAN 

BLACK video cards. 

InceptionV3 Model 

 
The InceptionV3 network [31] was created in 2015. Instead of stacking convolutional and 

pooling layers sequentially on top of each other, some layers are in parallel and their results 

are merged periodically. As shown in Figure 4 from Google Research [32], the key idea  

of this network is to stack Inception modules, which are composed of convolutional and 

pooling layers. This can be easily seen in Figure 4. By using fewer weights than previous 
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Fig. 3 VGG16 Model [30] 

 

 

neural networks, for instance, about 30x fewer parameters than VGG19, the computational 

cost of InceptionV3 is suitable for big-data or mobile scenarios. 

 

 

Fig. 4 Inception V3 Model [31] 

 

 

 

 

 
3 Experimental Design 

 
3.1 Dataset 

 
In this work, an online repository dataset [33] which is publicly available is used. It con- 

sists of three kinds of chest X-Ray images: Normal, Pneumonia and COVID-19, which are 

arranged in three directories. There are a total of 2905 images of chest X-rays with 1341 

normal cases, 1345 positive pneumonia cases and 219 confirmed positive COVID-19. Fig- 

ure 5 shows chest X-Rays from the Kaggle dataset. In the left panel of the figure chest x-ray 
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of a normal patient is given which depicts clear lungs as compared to the other two chest 

x-rays of pneumonia patient and COVID-19 patient. 

 

 

Fig. 5 Examples of Chest X-Rays [33] 

 

 

 

3.2 CNN Model Designs 

 
The pre-trained CNN models are used to perform several types of classification by replac- 

ing its final layer neurons with an appropriate number of diseases. These models are used 

to perform three types of image classification problems: i) Classification of normal versus 

COVID-19 images, ii) Classification of COVID-19 versus Pneumonia images, and iii) Clas- 

sifying normal versus COVID-19 versus Pneumonia images. 

 
The process is started by using two pre-trained models, VGG16 and InceptionV3. The 

chest x-ray images are used as data input to train these models. The x-ray images are pre- 

pared at size 224 to 1024 for training the model using small computation. 

 
3.3 Design of Data Augmentation and Fine-tuning 

 
Data augmentation on image datasets can help to increase the number of relevant images in 

our database. This can help to increase the performance of pre-trained models. Therefore, 

to check the performance of our pre-trained models, three different ways of augmenting 

images are used as follows: 

– Augmentation 0: This refers to the original image datasets without using any augmenta- 

tion. 
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– Augmentation1: The simple geometrical transformation on images such as random flip, 

rotate, shear and zoom are performed to increase the original dataset by factor eighth. 

– Augmentation1: Some complex geometrical transformation are performed to increase 

the original dataset by factor sixteen. 

The database (2905 images only) used in this research work for this classification prob- 

lem is too small as compared to the normal data required to train the pre-trained CNN 

models from ImageNet or GoogleNet, hence some layers are trained, keeping others frozen 

to fine-tune the model. In the CNN model, the layers at the bottom refer to features that 

are not depending upon the classification problem, whereas, layers at the top refers to the 

problem-dependent features. Also, there are very small numbers of images and large num- 

bers of parameters, more layers are kept frozen. Hence, the choice is a very small model  

of pre-trained models with their last layer unfrozen. Both VGG16 and InceptionV3 model 

consist of two layers (group average pooling layer and softmax layer) after the convolution 

layer with a total number of 1026 and 4096 training parameters respectively and their last 

layer is made unfrozen. Then for training these models their hyperparameters are set as: 

learning rate = 0.05, decay rate = 0.9, echo = 40 and batchsize = 8. 

i. Classification Problem 1: Normal Vs COVID-19 Images 

 

In this classification problem, the data is labeled using two classes: normal (1341 images) 

and COVID-19 (209 images). This data is then split into 60% data for training, 10% data 

for validation, and 30% data for testing. The models are trained using this training dataset 

and then this trained model is used for classification of normal vs COVID-19 images using 

validation data. 

ii. Classification Problem 2: COVID-19 Vs Pneumonia Images 

 

This is also binary classification and hence similar to classification problem 1, again the 

data is labeled using two classes Pneumonia (1345 images) and COVID-19(209 images). 

The dataset is split by keeping 60% data for training, 10% data for validation, and 30% data 

for testing. The models are trained using this training data and then this trained model is 

used for classification of COVID-19 vs pneumonia images using validation data. 

iii. Classification Problem 3: Normal Vs COVID-19 Vs Pneumonia Images 

 

This is a multiclass classification problem and hence some modifications are required in 

the proposed network model. As the model is designed to predict three outputs (normal, 
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COVID-19 and Pneumonia), hence the last layer of the model is modified to three neurons. 

As done in the previous two problems, each training image is labeled by their appropriate 

disease label i.e., Normal Vs COVID-19 Vs Pneumonia. The biggest challenge here is the 

unbalanced data (Normal images-46.29% Vs COVID-19- 7.19 % Vs Pneumonia(46.16%). 

Hence, for data balancing, data augmentation is performed as discussed earlier. 

 

 
4 Result and Discussion 

 
The experiments have been performed using the Python Jupyter notebook in Keras. For 

training the CNN model, a virtual machine in Google Cloud GPU with 32 GB of RAM  

and NVIDIA Tesla K80 is used. All the evaluations are carried out on a 30% dataset of all 

images. The results of all experiments are presented in this section. 

 

 
4.1 Performance Metrics 

 
A confusion matrix is used to check how well a model can perform for new data. It is rep- 

resented by using four values TP (True Positive), TN (True Negative), FP (False Positive), 

and FN (False Negative). In addition to this, accuracy, sensitivity, specificity, precision, re- 

call and f1-score metric for detection are used. These are the commonly used metrics for 

measurement of model performance in medical research. f1-score is also a better metric to 

measure the success of the model’s prediction. It is considered as the balance between preci- 

sion and recall. Following equations (1) to (6) shows the formulae for different performance 

metric to measure the performance of binary classification models. 

 

Accuracy =
  TP + TN 

100 (1) 
TP + FP + TN + FN 

sensitivity =
     TP 

100 (2) 
TP + FN 

speci f icity =
     TN 

100 (3) 
FP + TN 

Precision = 
TP

 
TP + FP 

Recall = 
TP

 
TP + FN 

f 1 score = 2
 Precision· Recall  

Precision + Recall 

(4) 

 
(5) 

 
(6) 
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To measure the performance of multiclass classification models, the following equations 

(7) to (12) of performance measures are used. Accm, sensm, specm, Precm, Recallm, f 1 − 

scorem represents accuracy, sensitivity ,specificity, precision, recall and f1-score metric of 

multiclass classification models respectively. 

 

Acc   = 
T Pn + T Pc + TPp   

100 (7) 
total samples 

sens   =
  T Pc + TPp 

100 (8) 
T Pc + TPp + FNc + FNp 

spec   =
  T Pn 

100 (9) 
FPc + T Pn + FPp 

Precm =
  T Pc + TPp  

T Pc + FPc + TPp + FPp 

Recallm =
  T Pc + TPp 

 

T Pc + TPp + FNc + FNp 

f 1 score = 2
 Precm · Recallm  

Precm + Recallm 

(10) 

 
(11) 

 
(12) 

 

where, T Pc means COVID-19 positive patients predicted to be COVID-19 positive, TPp means 

pneumonia positive patients predicted to be pneumonia positive, TPp means normal patients 

predicted to be normal. FPc normal penitents predicted to be COVID-19 positive, FPp nor- 

mal penitents predicted to be pneumonia positive, FNc COVID-19 penitents predicted to be 

normal, FNp pneumonia positive penitents predicted to be normal penitents. 

 
 

4.2 Results of Normal vs COVID-19 Classification and COVID-19 vs Pneumonia Images 

 
The performance of both pre-trained models is evaluated. The highest accuracy is obtained 

for the InceptionV3 model for augmentation1 techniques in both the classifications. The 

training and testing times for these models are 1240 seconds and 10 seconds respectively 

for classification problem 1; whereas for the second classification problem, it is 1254 sec 

and 8 seconds respectively. Table 1 gives the comparison of three augmentation techniques 

and performance of both models on three augmentation techniques. It can be examined from 

the table, the results of the model improve with the increasing training images, and training 

with a large number of images can also affect the result of accuracy. However, the results 

can be further improved with large training data and fine-tuning of hyperparameters such as 

dropout rate, learning rate, batch normalization layers. 
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Table 1 Classification report of : A) COVID-19 vs Normal models, and B) COVID-19 Vs Pneumonia 
 

A. Normal Vs COVID-19 

 

Model 
Augmentation 

Technique 

Training 

Images 

 

Accuracy 

 

Sensitivity 

 

Specificity 

 

Precision 

 

Recall 

 

f1-score 

 

VGG16 

augmention0 2905 91.66 94.66 85.89 0.928 0.946 0.937 

augmentation1 15000 97.71 98.53 96.15 0.9801 0.985 0.982 

augmentation2 30000 93.85 98.66 84.61 0.925 0.986 0.954 

 

InceptionV3 

augmention0 2905 95.61 97.33 92.30 0.96 0.973 0.966 

augmentation1 15000 99.35 99.50 98.41 0.997 0.995 0.996 

augmentation2 30000 97.01 98.66 93.84 0.968 0.986 0.977 

B. COVID-19 Vs Pneumonia 

 

Model 
Augmentation 

Technique 

Training 

Images 

 

Accuracy 

 

Sensitivity 

 

Specificity 

 

Precision 

 

Recall 

 

f1-score 

 

VGG16 

augmention0 2905 90.08 94.4 81.79 0.908 0.944 0.926 

augmentation1 15000 96.27 97.33 92.02 0.95 0.973 0.963 

augmentation2 30000 93.59 96.26 88.46 0.941 0.962 0.951 

 

InceptionV3 

augmention0 2905 94.64 98.53 87.17 0.936 0.985 0.96 

augmentation1 15000 98.29 98.27 98.41 0.99 0.982 0.99 

augmentation2 30000 96.40 98.66 92.05 0.959 0.986 0.973 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The left part of Figure 6 shows the confusion matrix for best model InceptionV3 in 

classification problem 1 i.e., Normal vs COVID-19. It can be seen that the number of normal 

patients predicted to be positive COVID-19 (false negative) is 2 means it has very high 

sensitivity and also the number of COIVD-19 patients predicted as normal is very small i.e. 

1 means it has very high specificity. 
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Fig. 6 Confusion matrices for classification problem a and 2 for best model InceptionV3 

 

 

Similarly, the right part of Figure 6 shows the confusion matrix for best model Incep- 

tionV3 in classification problem 2 i.e., Pneumonia vs COVID-19. Further from this matrix, 

it can be concluded that the model has high sensitivity and specificity. In addition to this, if 

f-1 score of both the models is calculated using precision and recall metric, then it is almost 

1 for both the models. A very high F1-score indicates that the model can predict disease 

with a 99.5% success rate. 

 

 
4.3 Results of Normal vs COVID-19 vs Pneumonia Classification 

 
Table  2 shows the model performance of each label, it is seen that models perform well  

for a large number of image data here as well. In this case, the VGG16 model performs 

better than InceptionV3. The model InceptionV3 in all cases i.e. the model is recognizing 

the correct disease in all three labels (Normal, COVID-19 and Pneumonia), reaching almost 

99% accuracy. As a computer-aided diagnosing system these three labels are very much 

important for the classification of these labels. However, when the training images are very 

small or very large in numbers, neither models predict better results. The reason behind this 

is i) Since for small dataset the proposed models maybe under-fitted due to large number 

parameters in the pre-trained network used in these models for transfer learning, and ii)   

As data augmentations are used for creating a large dataset that consists of complex and 
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large transformation which can add a certain amount of noise to the training set which  

may influence the training process. These two reasons may reduce the performance of our 

models. 

 
Table 2 Classification report of Normal vs COVID-19 Vs Pneumonia 

 

Model 
Augmentation 

Technique 

Training 

Images 
Accm sensm specm Precm Recallm f 1 −scorem 

 
VGG16 

augmentation0 2905 96.66 98.13 93.84 0.96 0.981 0.974 

augmentation1 15000 98.84 98.71 99.00 0.991 0.987 0.988 

augmentation2 30000 97.36 98.66 94.87 0.973 0.986 0.98 

 
InceptionV3 

augmentation0 2905 93.85 96.66 88.46 0.941 0.966 0.953 

augmentation1 15000 96.35 96.66 92.82 0.962 0.966 0.964 

augmentation2 30000 93.77 95.86 89.74 0.947 0.958 0.952 

 

 

 

 

 
Fig. 7 Confusion matrices for classification problem 2 for best model VGG16 

 

 
 

The confusion matrix for best model VGG16 in classification problem 2 (Normal Vs 

COVID-19 Vs Pneumonia) is shown in Figure 7. It can be seen that the number of correct 

predictions (T Pn, T Pc, and TPp) are very high as compared to wrong predictions (FPc, FPp, FNp, and FNc) 
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which are very small in number. Therefore, it is concluded that the proposed model has very 

high f1-score. 

 

5 Conclusion 

 
In this paper, the COVID-19 images, Normal and Pneumonia X-Ray images are classified 

using the CNN model. The experiments are carried out keeping in mind the computer sci- 

ence perspective. It is concluded that for binary classification InceptionV3 performed better 

than the VGG16 model. Whereas, for multiclass classification VGG16 outperformed Incep- 

tionV3. The results also show that augmentation is helpful in a small database. However,   

it is also been found that augmenting a large number of images from a small set of images 

influences model accuracy because of the addition of noise during model training. On the 

other hand, a very small number of images did not produce the best result for any model due 

to the underfitting problems in the pre-trained model. The dataset is downloaded from an 

open-source online repository. The promising results obtained using CNN models suggest 

that Chest X-Ray can be useful for early detection of the Coronavirus as compared to the 

time-consuming pathological test or costly CT-Scan. The study consists of very small data 

images for model training, so it will be interesting to see the effect of large data and the use 

of other pre-trained models in future work. 
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Figures

Figure 1

Total con�rmed cases of COVID-19 by country and territory (as of 20 April 2020) [4]. Note: The
designations employed and the presentation of the material on this map do not imply the expression of
any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Figure 2

Architecture of basic Convolutional Neural Network

Figure 3

VGG16 Model [30]



Figure 4

Inception V3 Model [31]

Figure 5

Examples of Chest X-Rays [33]



Figure 6

Confusion matrices for classi�cation problem a and 2 for best model InceptionV3

Figure 7

Confusion matrices for classi�cation problem 2 for best model VGG16


