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Abstract— In this global pandemic situation of coronavirus 

disease (COVID-19), it is of foremost priority to look up 

efficient and faster diagnosis methods for reducing the 

transmission rate of the virus severe acute respiratory 

syndrome coronavirus 2 (SARS-CoV-2). Recent research has 

indicated that radio-logical images carry essential 

information about the COVID-19 virus. Therefore, artificial 

intelligence (AI) assisted automated detection of lung 

infections may serve as a potential diagnostic tool. In this 

paper, we propose a new method for detecting COVID-19 

using chest X-ray images. The proposed method can be 

described as a three-step process. The first step is the chest X-

ray image feature enhancement. The second step includes the 

segmentation of the raw X-ray images using the ResNet18 for 

obtaining the lung images. In the final step, we feed the 

segmented lung images into a CNN network to get result. We 

got an overall efficiency of 99.5. 
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I. INTRODUCTION 

Coronavirus disease (COVID-19) is caused by a severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2), 

responsible for this ongoing pandemic. COVID-19 can be 

classified as a respiratory disease as the common symptoms 

include myalgia, sore throat, headache, fever, chest pain, and 

dry cough [1] also, an infected person can show complete 

signs in around 14 days. This has resulted in the international 

community a significant cause of public health concern. The 

most common symptom of this virus is a lung infection, for 

which the widely considered visual indicator is chest 

radiography images (chest X-ray/computed tomography (CT) 

images) [3]. The radiologists manually perform these images’ 

interpretation to find some visual patterns for confirming the 

COVID-19 infection.  

 Since the conventional diagnosis process has 

become more accurate with time, it is still prone to medical 

staff risks. Also, it is more costly because there is a need for 

diagnostic test kits for every patient. In comparison, medical 

imaging techniques, i.e., X-ray and CT scans, can be used for 

screening, which are relatively faster, safer, and easily 

accessible. The X-ray image screening is preferred over the 

CT scans for COVID-19 screening because it is widely 

available, and it relatively costs less to obtain [4,5]. However, 

the manual diagnosis of the virus using X-ray images can be 

a time-consuming process. It can lead to many inaccuracies 

and human-based errors if there is no or less prior experience 

and knowledge about the virus and its symptoms. Hence, 

there is a solid need to automate such procedures widely, and 

it should be accessible for everyone so that the diagnosis can 

become more efficient, accurate, and fast. The recent works 

[6–12], use computer vision (CV) and artificial intelligence 

(AI) technologies that include the use of deep learning (DL) 

models, in particular, convolutional neural networks (CNNs) 

have been proven as practical approach for examining 

medical images.  

 Recently, the use of CNN successfully helped to 

detect pneumonia in a patient’s chest X-ray image [13–15]. 

Many studies have been conducted for the diagnosis of 

COVID-19 through X-ray images using the DL models. For 

instance, Ozturk et al. [16] worked for automated diagnosis 

of COVID- 19 based on X-ray images using a DL network 

which is named as DarkCovidNet. For multi-class 

classification (COVID-19, normal, and pneumonia), the 

model achieved an accuracy of 87.02%, and for two-class 

classification (COVID-19 and normal), the accuracy of 

98.08% was achieved. Hemdan et al. [17] worked with X-ray 

images and developed a network named COVIDX-Net. This 

network was trained using seven different CNN models, and 

the validation dataset for the model consists of 50 X-ray 

images (25 normal and 25 COVID-19 cases). Their model’s 

achieved accuracy is 90.00%, which is very effective 

considering the amount of validation data used for testing the 

model. Wang et al. [18] achieved a testing accuracy of 93.3% 

with their designed COVID-Net, which is a deep CNN model.  

 Sethy and Behera [19] used the combination of 

ResNet50 and support vector machine (SVM) classifier, 

which on 50 samples (25 normal and 25 COVID-19 cases) 

achieved the accuracy of 95.38%. Recently, Nayak et al. [20] 

proposed a method for screening the COVID-19 chest X-ray 

images using DL. They used a transfer learning concept with 

the most successful eight pre-trained CNN models, which are 

MobileNet-V2, AlexNet, VGG-16, GoogleNet, ResNet-34, 

SqueezeNet, Inception-V3, and ResNet-50. Their work’s 

major contributions include comparing the effectiveness of 

these eight pre-trained models and the impact of several 

hyper-parameters such as batch size, optimization techniques, 

learning rate, and the number of epochs. The previous works 

in COVID-19 detection mainly DL algorithm-specific and 

did not focus on the regions of interest (ROI) in the X-ray 

images that reveal the particular patterns for the specific 

disease. Hence, there is a research scope in this field that deals 

with the exploitation of only the ROI in the provided X-ray 

images. It can lead to a much if not accurate but precise 

classification of images based on the actual medical 

terminologies. Here in our work, a new and comprehensive 

study focuses only on the X-ray images’ ROIs. The method 

is the composition of image segmentation, feature extraction, 

and classification processes for discriminating COVID-19, 

pneumonia, and normal X-ray images. The image 

segmentation process effectively uses a conditional 

generative adversarial network (C-GAN) [21] to obtain the 

lung images from the pre-processed input X-ray images.  

II. GENERAL SYSTEM USING CNN 

In general detection system from image using CNN consist of 

input image. The inputted image given to a pre-processing 

unit. This unit enhance the image features. The pre-processed 

image given to CNN layers, Number of CNN layers and layer 

connection depends the type and application. Final result 

given by the classification layer of CNN. Fig. 2.1 shows the  
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Fig. 2.1: Block diagram general detection system using 

CNN. 

III. PROPOSED SYSTEM 

Fig 3.1 shows the block diagram of proposed system.Here 

mainly three steps X-ray image preprocessing and 

enhancement,Lung segmentation and CNN classification. 

A. PRE-PROCESSING 

Pre-processing was used to normalize the samples so as to 

solve the Scanned image usually suffers from noise, usually 

Gaussian noise and salt and pepper noise. Preprocessing is 

done to suppress the effect of noise and to enhance quality of 

chest x-ray images. Pre-processing is done to suppress the 

effect of noise and to enhance quality of x-ray images. 

B. IMAGE ENHANCEMENT USING WAVELET 

An image contrast enhancement model is proposed via 

component attenuation. We assumed that an X-ray image 

could be composed of removable and detail components. 

Here, the removable components refer to some amounts of 

body tissue. In contrast, the detail components consist of the 

portions of interest like bones and organs. In order to enhance 

an X-ray image, we attenuate the removable components so 

that we can extend the dynamic range to represent the detail 

components. 

 

 
Fig. 3.1: Block diagram of proposed system 

C. RESNET18 

In this paper we use ResNet-18 to segment lungs region. 

ResNet-18 is a convolutional neural network that is 18 layers 

deep. As we design increasingly deeper networks it becomes 

imperative to understand how adding layers can increase the 

complexity and expressiveness of the network. Even more 

important is the ability to design networks where adding 

layers makes networks strictly more expressive rather than 

just different. To make some progress we need a bit of 

mathematics. 
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Fig. 3.1: A regular block (left) and a residual block (right) 

 Let us focus on a local part of a neural network, as 

depicted in Fig. 3.1 Denote the input by. We assume that the 

desired underlying mapping we want to obtain by learning is, 

to be used as the input to the activation function on the top. 

On the left of Fig. 3.1, the portion within the dotted-line box 

must directly learn the mapping. On the right, the portion 

within the dotted-line box needs to learn the residual 

mapping, which is how the residual block derives its name. If 

the identity mapping is the desired underlying mapping, the 

residual mapping is easier to learn: we only need to push the 

weights and biases of the upper weight layer (e.g., fully-

connected layer and convolutional layer) within the dotted-

line box to zero. The right figure in Fig. 3.1 illustrates the 

residual block of ResNet, where the solid line carrying the 

layer input to the addition operator is called a residual 

connection (or shortcut connection). With residual blocks, 

inputs can forward propagate faster through the residual 

connections across layers. 

 There are 4 convolutional layers in each module 

(excluding the convolutional layer). Together with the first 

convolutional layer and the final fully-connected layer, there 

are 18 layers in total. Therefore, this model is commonly 

known as ResNet-18. By configuring different numbers of 

channels and residual blocks in the module, we can create 

different ResNet models, such as the deeper 152-layer 

ResNet-152. Although the main architecture of ResNet is 

similar to that of GoogLeNet, ResNet’s structure is simpler 

and easier to modify. All these factors have resulted in the 

rapid and widespread use of ResNet. Fig. 3.3 depicts the full 

ResNet-18. Fig 3.2 shows the training graphs of resnet 18 

using matlab. 

 
Fig. 3.2: The ResNet-18 Training graphs 

 
Fig. 3.3: The ResNet-18 architecture 

D. LUNG EXTRACTION AND CROPPING 

Resnet18 output is a pixel wise categorized one. First we 

convert categorized matrix output to binary mask. Then 

extract the lung region from the image. Output image has 

more black background region so we crop the image contains 

lung region only.  

E. CONVOLUTIONAL NEURAL NETWORKS (CNN) 

A deep neural network combines multiple nonlinear 

processing layers, using simple elements operating in parallel 

and inspired by biological nervous systems. It consists of an 

input layer, several hidden layers, and an output layer. The 

layers are interconnected via nodes, or neurons, with each 

hidden layer using the output of the previous layer as its input. 

 A convolutional neural network (CNN, or ConvNet) 

is one of the most popular algorithms for deep learning. Like 

other neural networks, a CNN is composed of an input layer, 

an output layer, and many hidden layers in between. 

 These layers perform one of three types of 

operations on the data: convolution, pooling, or rectified 
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linear unit (ReLU). Convolution puts the input images 

through a set of convolutional filters, each of which activates 

certain features from the images. Pooling simplifies the 

output by performing nonlinear down sampling, reducing the 

number of parameters that the network needs to learn about. 

Rectified linear unit (ReLU) allows for faster and more 

effective training by mapping negative values to zero and 

maintaining positive values. 

 After feature detection, the architecture of a CNN 

shifts to classification. The next-to-last layer is a fully 

connected layer (FC) that outputs a vector of K dimensions 

where K is the number of classes that the network will be able 

to predict.  This vector contains the probabilities for each 

class of any image being classified. The final layer of the 

CNN architecture uses a softmax function to provide the 

classification output. These three operations are repeated over 

tens or hundreds of layers, with each layer learning to detect 

different features. Fig 3.4 shows the training graphs of CNN. 

 
Fig. 3.4: CNN Training graph 

IV. RESULTS & CONCLUSION 

Fig 4.1shows the lung segmented output using resnet18.Here 

red color regions are the lung region and green colored are 

the back ground region. 

 
Fig. 4.1: Segmented output 

 Fig 4.3 shows the final result of giving a chest x-ray 

image of covid patient and  its detection result also coid +ve. 

 
Fig. 4.3: Detected output covid +VE 

 Fig 4.4 shows the final result of giving a chest x-ray 

image of normal human and  its detection result also coid -ve. 

 
Fig. 4.4: Detected output covid -VE 

 Fig 4.5 shows the confusion matrix and we got 

efficiency of 99.5% using our database downloaded from 

internet. 

 
Fig. 4.5: Confusion matrix 
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V. CONCLUSION 

In this paper, uses deep convolutional neural networks is 

presented for COVID-19 disease detection. In this paper lung 

segmentation helps to improve detection efficiency. In this 

paper, a novel, powerful and robust CNN architecture is 

designed and proposed for COVID-19 disease detection using 

publicly available datasets. Detection of COVID-19 (i.e. 

classification of chest X-ray images into COVID-19 (+) and 

COVID-19 (-) images) is achieved with a high accuracy such 

as 99.50%. 
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