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Abstract— Coronavirus Disease (COVID19) is a rapidly 

spreading infectious disease which is producing a global 

healthcare crisis. Due to the present limitations of reverse 

transcription-polymerase chain reaction (RT-PCR)-based 

assays for identifying COVID19, numerous works have 

recently offered radiological imaging-based solutions. 

Computed Tomography (CT) imaging is useful for detecting 

COVID-19-related pulmonary symptoms in which 

segmentation of infection lesions from CT images is 

important for quantitative evaluation of disease progression 

and follow-up assessment. For this experimentation, 200 

COVID-19 positive lung CT images and 200 COVID-19 

negative lung CT images were collected. For validation, 110 

images were obtained. The machine is made to learn the 

attributes of COVID-19 positive and COVID-19 negative 

images and is made to discriminate those using convolutional 

neural networks. As a result, when a new CT image is shown, 

the system will be able to anticipate whether the image is 

COVID-19 positive or negative. 
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I. INTRODUCTION 

Corona viruses are a broad family of viruses that can infect 

humans and animals. People are infected with seven different 

varieties of corona viruses all over the world, but the four 

most prevalent human corona viruses are 229E, NL63, OC43, 

and HKU1. They mainly cause respiratory infections ranging 

from the ordinary cold to more serious diseases such as 

Middle East Respiratory Syndrome (MERS) and Severe 

Acute Respiratory Syndrome (SARS), and the coronavirus 

(COVID-19), which was just found, is a contagious disease.  

 The severe acute respiratory syndrome coronavirus 

2 causes covid-19 illness (SARS-CoV-2). This infectious 

disease was first dubbed Novel Coronavirus-Infected 

Pneumonia (NCIP) by the WHO, and later the virus was 

dubbed 2019 Novel Coronavirus (2019-nCoV). The clinical 

disease was called COVID-19 (a shortened form of Corona 

Virus Disease-19) by the World Health Organization (WHO) 

on February 11, 2020, as stated in a tweet. In December 2019, 

a COVID-19 outbreak caused by the 2019 new coronavirus 

(SARS-CoV-2) began in Wuhan, Hubei Province, China.  

 The current outbreak has been classified as a 

pandemic [14]. Liquid droplets produced during coughing 

and sneezing cause the infection to spread quickly from one 

person to the next. When people are sick, it is regarded as the 

most contagious, albeit asymptomatic patients may be 

susceptible to transmission. Exposure and symptom onset 

might take anywhere from 2 to 14 days, with an average of 5 

days. Fever, cough, sneezing, and shortness of breath are all 

common symptoms. Throat soreness and acute respiratory 

distress syndrome are two serious symptoms that can occur.  

 There is no specific antiviral medication or 

vaccination available at this time, so treatment consists of 

symptom relief and supportive care. Washing hands with 

soap, covering the mouth when coughing, keeping a 1-meter 

distance from other people, and monitoring and self-isolation 

for fourteen days are all recommended preventive measures. 

The reverse transcription-polymerase chain reaction (RT-

PCR), which uses a throat or nasopharyngeal swab, is the 

gold standard for diagnosis [1]. A chest CT scan and a mix of 

symptoms can also be used to diagnose the infection. Tyrrell 

and Bynoe discovered the first human case of coronaviruses 

in 1965.  

 In human embryonic tracheal organ cultures taken 

from the respiratory system of an adult with a common cold 

symptom, they discovered the virus B814. The first case was 

discovered in December 2019 in Wuhan, Hubei Province, 

China, and was related to the Huanan Seafood Market (South 

China), with the virus spreading to several nations around the 

world. The novel coronavirus was discovered in the Huanan 

seafood market in Wuhan, China, where raccoon dogs, bats, 

snakes, palm civets, and other animals are traded, and it 

quickly spread to 109 countries.  

 Although the zoonotic origins of SARS-CoV-2 have 

yet to be determined, sequence-based analysis suggests bats 

as the primary reservoir. The spike glycoprotein that 

associated SARS-CoV (CoVZXC21 or CoVZC45) with the 

RBD of another Beta CoV was revealed to be important in 

DNA recombination, which could be the reason for cross-

species transmission and fast infection. Coronavirus illness is 

caused by a highly transmissible and pathogenic virus known 

as COVID-19. It is primarily spread by contact with 

respiratory droplets rather than through the air.  

 People get affected by coronavirus disease 19 

(COVID-19) primarily from infected persons. 3000 droplets 

are produced by a single cough. These droplets can come into 

contact with other persons and cover the surfaces in their 

immediate vicinity. The virus has been detected in faeces, so 

anyone who does not completely wash their hands after using 

the toilet or bathroom could infect others, just like many 

respiratory infections, including flu. Close contact with liquid 

droplets produced by infected patients' upper respiratory tract 

secretions, such as sneezing, the common cold, or coughing, 

can transmit Covid-19. As a result, it is safe to keep a distance 

of one meter (3 feet) from someone who is affected. When 

these droplets land on objects and surfaces, the virus can be 

spread by surface contamination. COVID-19 is transmitted to 

other persons when they touch their eyes, nose, or mouth after 

coming into contact with contaminated surfaces. 

II. RELATED WORKS 

The coronavirus disease pandemic of 2019 (COVID-19) is 

sweeping the globe. Medical imaging, such as X-ray and 

computed tomography (CT), is critical in the global fight 

against COVID-19, and the newly developed artificial 

intelligence (AI) technologies are enhancing the power of 

imaging tools and assisting medical specialists. AI-assisted 
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picture capture can greatly assist in automating the scanning 

operation and reshaping the workflow with minimal patient 

interaction, ensuring the highest protection for imaging 

technicians. In addition, AI can boost productivity by 

accurately delineating infections in X-ray and CT images, 

allowing for easier quantification.  

 In addition, computer-assisted platforms assist 

radiologists in making clinical judgments, such as disease 

diagnosis, tracking, and prognosis simpler. [18]. Tuberculosis 

(TB) is an infectious illness caused by the bacteria 

Mycobacterium tuberculosis, which causes lung damage. The 

primary method for assessing the longitudinal course of 

tuberculosis is radiological imaging. The radiologist's job is 

made easier by computer-assisted biomarker detection, which 

provides a quantitative assessment of disease. The step before 

biomarker extraction is lung segmentation. An automatic 

approach for robust segmentation of damaged lungs in a 

Mycobacterium Tuberculosis infection model is offered 

which has lesions linked to the parenchyma and are impacted 

by respiratory movement abnormalities.  

 The extraction of healthy lung tissue and the airway 

tree, followed by the eradication of the fuzzy boundaries, are 

the major processes. Its performance was compared to that of 

segmentation achieved using (i) a semi-automatic tool and (ii) 

a fuzzy connectedness-based approach [19]. For image-

driven lung cancer analysis, accurate lung nodule 

segmentation from computed tomography (CT) images is 

critical. However, robust nodule segmentation is problematic 

due to the variety of lung nodules and the presence of similar 

visual characteristics across lesions and their surroundings.  

 A data-driven model is presented for segmenting 

lung nodules from heterogeneous CT images called the 

Central Focused Convolutional Neural Networks (CF-CNN). 

This strategy includes two fundamental ideas: ii) while 

classifying an image voxel, the effects of its adjacent voxels 

can vary depending on their spatial placements; ii) the 

proposed model collects a broad range of nodule-sensitive 

properties from both 3-D and 2-D CT images simultaneously. 

This phenomenon necessitates the development of a novel 

central pooling layer that preserves a large amount of 

information on the voxel patch center, as well as a multi-scale 

patch learning technique. Furthermore, to help model 

training, weighted sampling is required, in which training 

samples are chosen based on their degree of segmentation 

difficulty [20].  

 Monitoring tumor response to therapy requires 

volumetric lung tumor segmentation and precise longitudinal 

tracking of tumor volume using computed tomography (CT) 

images. As a result, incremental-MRRN, and dense-MRRN 

are two multiple resolution residually connected network 

(MRRN) formulations that are developed. Through residual 

connections, these networks identify and segment lung 

cancers by combining data across different image resolutions 

and feature levels. The incremental and dense MRRNs are 

two types of multiple resolution residual networks (MRRNs).  

 Pooling (for dense MRRN) is used to create feature 

map input in each residual stream, which is then followed by 

convolutions using residual connections (for the incremental 

MRRN) [21]. It's difficult to find models that capture imaging 

indicators important for disease progression and therapy 

monitoring. Models are usually built using vast quantities of 

data and annotated examples of recognized markers to 

automate detection. The power of such systems is limited by 

the high annotation effort and the use of a limited vocabulary 

of recognized markers. Unsupervised learning is used to find 

abnormalities in imaging data that might be used as markers. 

AnoGAN, a deep convolutional generative adversarial 

network, is used to learn a wide range of normal anatomical 

variations [22]. 

III. SYSTEM DESIGN 

Our proposed deep learning-based COVID-19 detection 

comprises the use of a COVID-19 prediction deep network to 

automatically predict COVID from chest CT slices and 

deliver the results through email. A huge number of CT scan 

images of COVID-19 patients and normal people are 

gathered first, and then the machine is trained with the 

COVID-19 and normal CT scan images using Convolution 

Neural Network (CNN) [15] so that the machine can 

recognize the features of normal CT images and COVID-19 

CT images. Thus, a good prediction score is attained. To 

reduce the deterioration caused by noise, a pre-processing or 

filtering step is used.  

 The structure of effective noise reduction filters 

takes a lot of time and effort. The noise in the input images, 

such as shadows, is reduced using pre-processing filters like 

the average filter. This stage is required to increase the quality 

of the image and to make the feature extraction component 

more trustworthy for the input image enhancement. This 

approach includes several phases, as illustrated in Figure 1.  

The phases are summarised in the five steps below: 

1) Step 1: Collect chest CT from COVID-19 patients and 

healthy people for the dataset. 

2) Step 2: Use deep learning to represent the images in a 

feature space. 

3) Step 3: Divide the dataset into two groups: training and 

validation. 

4) Step 4: Assess the detector's performance on the 

validation dataset. 

 
Fig. 1: Proposed block diagram 

 A total of 510 images are utilized in this research, 

with 400 images used for training and 110 images used for 

validation. COVID positive images account for 200 of the 

400 total images, while COVID negative images account for 

the remaining 200 [3]. Pre-processing methods such as 

zooming, shearing, rescaling, and horizontal flipping are used 

to pre-process these 400 images. The Convolutional Neural 

Network model is then given this pre-processed data.  
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 Four convolutional layers and four maximum 

pooling layers are used in the CNN model. After each 

convolutional layer, there is a max-pooling layer. In this 

system, 16 random filters are applied to the first 

convolutional layer, converting one image into 16 filtered 

images, followed by a max-pooling layer to reduce the image 

size. The second convolutional layer applies 32 random 

filters, converting one picture into 32 filtered images. The 

first convolutional layer feeds each picture to the second 

convolutional layer, which is followed by the max-pooling 

layer. The third and fourth convolutional layers are added to 

the model in the same way as the first and second 

convolutional layers were. The third and fourth convolutional 

layers are made up of 64 and 128 filters, respectively, and are 

followed by max-pooling. As a result, one image becomes 

1x32x64x64x128 filtered image data.  

 The picture data is then transformed into a one-

dimensional array, a process known as flattening. The 

flattened layer is provided as an input layer to the fully linked 

layer in this project. A hidden layer of 64 neurons is added to 

the fully connected layer. Finally, an output layer with one 

neuron will provide the output. Binary cross entropy is the 

loss function employed in this system. The optimization 

approach employed is ADAM optimization. The image data 

was trained and verified for 100 epochs, and the accuracy 

obtained was 97 %. The trained model can predict the covid-

19 status of the test CT image after training. This trained 

model will offer a 97 % correct result when testing a CT 

image. 

IV. EXPERIMENTAL RESULTS 

This system is implemented in python IDE software and the 

results are verified. Figure 2 shows the COVID-positive CT 

scan images.200 images are taken for training purposes. 

Figure 3 shows the COVID negative CT scan images.200 

images are taken for training purposes. 

 

Fig. 2: COVID positive CT scan images. 

 
Fig. 3: COVID negative CT scan images. 

A convolutional neural network is used to implement this 

paper. The process of CNN includes convolution, max 

pooling, flattening, and finally fully connected layer. The 

following figure 4 shows the resultant structure of the CNN 

model. Figure 5 shows the completed training model of CNN. 

The accuracy attained is 97%. 
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Fig. 4: The resultant structure of the CNN Mode

  

 
Fig. 5: The completed training model of CNN. 

 Figure 6 shows the predicted COVID-19 positive 

result for the given CT image. Figure 7 shows the predicted 

COVID-19 negative result for the given CT image. Figure 6.8 

shows the predicted result sent through the mail. 
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Fig. 6: Predicted COVID-19 positive result. 

 
Fig. 7: Predicted COVID-19 negative result. 

 
Fig. 8: The predicted result sent through the mail 

V. CONCLUSION AND FUTURE WORK 

Convolutional neural networks are utilized in this system to 

predict COVID-19 lung CT infection. This system has a lot 

of promise to be used in COVID-19 prediction. It uses 200 

COVID-19 and non-COVID-19 CT images for training and 

110 images for validation. The system is trained to categorize 

the CT images using CNN. To increase the detection of 

contaminated areas, CNN employs explicit edge-attention. 

This COVID-19 prediction system can be done with any lung 

CT scan image using a trained model. The prediction is 

completed in a short period and without the use of any 

physical assistance. Between infected and normal CT images, 

our suggested approach can detect items with low-intensity 

contrast.  

 Image classifications based on deep learning 

algorithms are very reliant on a significant amount of training 

data. However, by employing transfer learning, the amount of 

data needed to train the network may be drastically decreased. 

A machine is educated to accomplish a job using a large 

amount of data using the transfer learning approach. The 

weights are then transferred from this network to a network 

created specifically for the task at hand. 
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