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ABSTRACT 

Big data analysts and artificial intelligence experts are paying 

attention to the COVID-19 outbreak. The classification of 

computed tomography (CT) chest pictures as normal or 

diseased necessitates a large amount of data and an unique AI 

module design. By studying CT chest scan pictures, we present 

a platform that encompasses various layers of analysis and 

classification of normal and pathological characteristics of 

COVID-19. Specifically, the platform augments the training 

dataset with a reliable collection of photos, 

segmenting/detecting suspicious portions in the images, and 

evaluating these regions in order to return the correct 

classification. We also integrate AI algorithms after selecting 

the most appropriate module for our research. Finally, we 

compare the efficacy of our design to other strategies published 

in the literature. The collected findings indicate that the 

suggested design is 95% accurate. 
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1 INTRODUCTION 
 

Artificial intelligence has made a significant 

contribution to medical diagnostics and drug 

development. Artificial intelligence, according to 

experts, will have a significant impact by providing 

radiologists with tools to make faster and more 

accurate diagnoses and prognoses, resulting in more 

effective treatment. Because computers will be able 

to process massive amounts of patient data, big data 

and artificial intelligence will change the way 

radiologists work, allowing them to become experts 

on very specific tasks (Shen et al., 2017a). Artificial 

intelligence has already been successful in solving 

problems such as chronic illnesses and skin cancer 

(Esteva et al., 2017). Scientists now anticipate 

artificial intelligence to play a significant part in the 

hunt for a cure for the new corona virus, and 

therefore in reducing the terror that has gripped the 

globe. 

 

Due to the COVID-19 pandemic, the health-care 

system has recently faced significant challenges in 

terms of supporting an ever-increasing number of 

patients and associated costs. As a result, the recent 

effect of COVID-19 necessitates a mental change in 

the health-care industry. As a result, using current 

technology such as artificial intelligence in order to 

build and develop intelligent and autonomous 

health-care solutions has become critical. When 

compared to other viruses, COVID-19 is notable for 

its rapid dissemination, which allowed it to become 

a global pandemic in record time. The medical and 

health-care systems are still researching and 

analysing it in order to get more trustworthy 

information and obtain a better understanding of 

this critical issue of rapid spread. As a result, 

accurately simulating the COVID-19 transmission 

remains a top goal in the fight against this virus. 

The detection of viral RNA from sputum or a 

nasopharyngeal swab using real-time reverse 

transcription–polymerase chain reaction (RT–PCR) 

is now the most widely utilised diagnosing 

approach. These tests, on the other hand, need 

human interaction, have a low positive rate at early 

stages of infection, and may take up to 6 hours to 

provide findings. Thus, quick and early diagnostic 

tools are needed to speed up the control of this 

pandemic, particularly in the long run, when 

lockdowns are entirely removed, testing should be 

https://www.frontiersin.org/articles/10.3389/frcmn.2021.645040/full
https://www.frontiersin.org/articles/10.3389/frcmn.2021.645040/full
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conducted on a broad scale to avoid the pandemic 

from resuming. 

 

Due to a lack of resources and technology in certain 

nations, testing has been confined to individuals 

who have symptoms, and in many instances, several 

symptoms. It goes without saying that the enormous 

burden that the situation has placed on national 

health-care systems and personnel, even in the most 

industrialised nations, exacerbates the difficulty of 

recognising and monitoring potential cases. 

 

Artificial intelligence algorithms, which are 

approaches used to implement AI systems, assist 

with a variety of pandemic-related questions, 

ranging from vaccine and drug development to 

tracking people's mobility and how and whether 

they follow social distancing guidelines, to 

evaluating lung CT scans and X-rays for faster 

diagnosis and tracking the progression of such 

patients. 

 

COVID-19 is now being diagnosed by a series of 

incremental attempts based on AI algorithms. 

Advanced neural networks are being utilised to 

categorise patients based on their breathing pattern 

in a large-scale viral screening (Wang et al., 2020). 

In the research by Gozes et al., the identification of 

COVID-19 was targeted by analysing chest CT 

images (2020). The development of automated 

diagnostic systems improves the accuracy and speed 

of diagnosis while also protecting health-care 

professionals by informing them of the severity of 

each infected patient's condition (Alimadadi et al., 

2020). 

 

In this context, we propose an AI medical platform 

that intends to gather multimodal data from many 

sources, combining both network and medical 

sensory systems, with the objective of effectively 

participating in the global pandemic fight. When 

confronted with large-scale pandemics like COVID-

19, the goal is to solve various issues encountered 

by low- and middle-income nations owing to 

people's restricted access to excellent treatment and 

limited medical resources accessible or supplied by 

governments. 

 

In the literature, there are a variety of segmentation 

approaches. However, for the purposes of this 

research, we concentrated on AI-based 

methodologies and conducted a comprehensive 

literature review. It's important to note that this 

piece is part of a larger study. We plan to examine 

alternative kinds of segmentation algorithms and 

compare findings based on accuracy and efficiency 

in order to arrive at an ideal solution. 

 

This article's outline is as follows: Section 2 includes 

an overview of the literature on AI applications in 

medical imaging, as well as a short discussion of 

each deep learning approach employed. Many 

strategies for detecting COVID-19, as well as its 

severity, are included in the literature review. The 

technique used in the creation of the platform is 

covered in Section 3. The AI medical hub platform's 

outcomes are presented in Section 4. Finally, Section 

5 brings the essay to a close with information on 

various ways to use the platform. 

 

RELATED WORK 
We include a broad range of material in this part that 

relates to the use of artificial intelligence algorithms in 

diverse medical imaging applications. In connection to 

COVID-19 medical diagnosis, this section also 

includes several computer vision and image processing 

approaches. Medical Imaging and Artificial 

Intelligence 

The task of classifying photographs into one of many 

categories is known as image classification. It's a 

simple computer vision problem. Other computer 

vision operations such as detection, segmentation, and 

localization are built on top of it. Deep learning models 

that employ numerous layers of nonlinear acquired 

knowledge processing for function extraction and 

transformation, as well as pattern classification and 

analysis, have been used to handle this sort of 

challenge in recent years (Rawat and Wang, 2017). 

In the field of medical imaging, computer-assisted 

image processing has shown to be crucial. Recent 

advances in artificial intelligence (AI), especially deep 

learning, have resulted in a huge breakthrough in the 

field of image interpretation, allowing computers to 
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detect, categorise, and quantify patterns in medical 

pictures (Shen et al., 2017b). The use of hierarchical 

function representations derived only from data, rather 

than handmade features that frequently focused on 

domain-specific information, is the cornerstone of the 

advancements. Deep learning looks to be the next 

building block for increasing efficiency in a variety of 

medical applications (Shen et al., 2017b). 

The desire for improving quality and efficacy in 

clinical therapy was a driving driver behind the 

development of AI in medical imaging. Radiology 

imaging data tends to grow at a rapid rate in 

comparison to the number of qualified readers 

accessible. As a result, health-care providers have been 

under pressure to compensate by becoming more 

efficient when processing photographs (Wu et al., 

2016). 

Deep learning has been used to claim remarkable 

advancements in various AI technologies in the 

literature. These accomplishments drew researchers 

into the field of computational medical imaging to 

investigate the capabilities of deep learning in medical 

pictures recorded using computed tomography (CT), 

magnetic resonance imaging (MRI), positron emission 

tomography PET, and X-ray. Deep learning 

applications for picture localisation, cell structure 

identification, tissue segmentation, and computer-aided 

illness diagnosis are shown below (Shen et al., 2017b). 

Artificial neural networks are a kind of AI model that 

mimics the structural beauty of the human brain 

system in order to perceive and learn from hidden 

patterns via a large number of observations. The 

perceptron was the first trainable neural network with 

just one layer (Rosenblatt, 1958). The modified 

perceptron is a linear model with many output units 

that prohibits applications from dealing with 

complicated input patterns, even when nonlinear 

functions are used in the output layer. By adding a 

hidden layer between the input and output layers, this 

limitation is successfully avoided. A two-layer neural 

network with a finite number of hidden layers can 

estimate any continuous function when certain 

assumptions on the activation function are taken into 

account (Chen et al., 1995), and is hence referred to as 

a universal approximator. However, utilising a deep 

design, which has more than two layers and fewer 

units in total, it is generally feasible to predict 

functions with the same accuracy (Bengio, 2009). As a 

result, the number of trainable parameters may be 

reduced, making the training process easier with a 

smaller dataset (Schwarz, 1978). COVID-19 Detection 

Using Artificial Intelligence. 

In this worldwide health disaster, the medical 

community is looking for new ways to detect and 

control the COVID-19 (coronavirus) pandemic. 

Artificial intelligence is a tool that scientists can trust 

since it can instantly diagnose high-risk individuals, 

track the virus's evolution, and control the epidemic 

efficiently in real time. This technology can also 

estimate the severity of cases by looking at prior 

patients' data, although the rates of accuracy, true 

negatives, and false positives may still be improved to 

prevent medical misunderstanding (Haleem et al., 

2020; Bai et al., 2020; Hu et al., 2020). The key use of 

AI in the COVID-19 pandemic, which this research 

focuses on, is early infection identification and 

diagnosis. Artificial intelligence might quickly identify 

problems based on symptoms and so-called red flags, 

alerting patients and health-care providers (Ai et al., 

2020; Luo et al., 2020). It develops a low-cost, quick-

decision-making algorithm. Modern COVID-19 

situations may be discovered and handled in a 

classified framework using a variety of AI methods. 

Computed tomography (CT) and magnetic resonance 

imaging (MRI) are useful inputs for AI algorithms that 

scan human body regions for diagnostic purposes. 

 

Segmentation is the first step in image processing and 

interpretation for detecting and assessing COVID-19. 

It specifies the areas of interest (ROIs) acquired in 

chest X-rays or CT scans, which are the most 

important aspect for the AI algorithm. These split areas 

may be used to produce self-learned or even created 

attributes (Shi et al., 2020a). 

In the field of COVID-19 detection, computed 

tomography is one of the most important sources of 

high-quality 3D pictures. U-Net (Cao et al., 2020; 

Gozes et al., 2020; Huang et al., 2020; Li et al., 2020; 

Qi et al., 2020; Zheng et al., 2020), U-Net++ (Chen et 

al., 2020; Jin et al., 2020), and VB-Net (Shan+ et al., 

2021) are the most popular deep learning Despite the 

fact that X-ray pictures are more difficult to segment 

than CT images in the medical field owing to their 

accessibility, the segmentation procedure in X-ray 
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images is more difficult. The visual contrast in the 2D 

projection of ribs onto soft tissue causes this. 

 

In the case of COVID-19, segmentation is shown to be 

a critical component in the virus's interpretation. Gaál 

and his colleagues(2020) suggested Attention-U-Net 

for lung segmentation that can extract pneumonia-

related characteristics. A approach like this might be 

used to diagnose coronavirus (Shi et al., 2020a).There 

are two types of lung segmentation mechanisms: 

region-based segmentation and damage-based 

segmentation. The first step in any application 

targeting COVID-19 is to differentiate the lung and its 

lobes from other areas using X-ray or CT (Cao et al., 

2020; Gozes et al., 2020; Huang et al., 2020; Jin et al., 

2020; Qi et al., 2020; Shan+ et al., 2021; Tang et al., 

2020a; Zheng et al., Cao et al., 2020; Chen et al., 2020; 

Gozes et al., 2020; Huang et al., 2020; Jin et al., 2020; 

Li et al., 2020; Qi et al., 2020; Shan+ et al., 2021; Shen 

et al., 2020; Tang et al., 2020a; Tang et al., 2020a; 

Tang et al Because the form and texture of these 

lesions varies, recognising them is a difficult process. 

Gaál et al. (2020) provided an attention mechanism 

that was deemed an effective localization strategy for 

screening lesions. This technique may be used to 

monitor COVID-19-related damage. To return to the 

first group, Jin et al. (2020) developed a two-stage 

pipelined approach for capturing COVID-19 in CT 

images, the first of which is to identify the lung area. 

U-Net++ was used to create this technique. 

Several approaches for lung segmentation have been 

proposed in the literature, each aiming towards a 

different purpose (Cicek et al., 2016; Milletari et al., 

2016; Isensee et al., 2018; Zhou et al., 2018). U-Net is 

one of the most often utilised strategies in COVID-19 

applications (Cao et al., 2020; Huang et al., 2020; Qi et 

al., 2020; Zheng et al., 2020). In each of the previously 

described groups, this strategy proved to be effective. 

The father of U-Net, Ronneberger (Ronneberger et al., 

2015), defined this technique as a completely CNN 

with a U-shape structure and symmetry in both the 

encoding and decoding directions. If the layers are 

linked along these routes, a shortcut connection is 

introduced at each level. As a consequence, visual 

semantics and textures, which are the most important 

considerations in medical segmentation, may be learnt 

quickly. In the COVID-19 field, a more sophisticated 

version of U-Net has been created. Cicek et al. (2016) 

developed a higher-dimensional U-Net (3D), in which 

the layers in this technology were replaced with a 3D 

model. U-Net++ (Zhou et al., 2018) is a more 

adaptable model in which a layered convolutional 

architecture is introduced between the encoding and 

decoding channels. Through damage localisation in 

COVID-19 diagnosis, this method also helps to 

pandemic remedies (Chen et al., 2020). A composite 

technique combining the attention mechanism and U-

Net was able to extract precise features in medical 

pictures, making it a suitable segmentation method for 

COVID-19. V-Net (Milletari et al., 2016) is another 

segmentation approach that uses a residual module as 

the basic convolutional module and Dice loss as the 

optimizer. VB-net achieves efficient segmentation by 

introducing a bottleneck to the convolutional module 

(Shan+ et al., 2021). All of these networks perform 

well in terms of segmentation. The key problem, 

however, is how the training method will be carried 

out. The main restriction for training a segmentation 

technique is having enough labelled data. The 

availability of sufficient data was a challenge in 

COVID-19 picture segmentation since handmade 

depiction of lesions takes a lot of time and effort. 

Researchers and radiologists are working together to 

find a solution to this challenge. The U-Net algorithm 

converges toward an acceptable threshold once an 

initial seed is given into it (Qi et al., 2020). In order to 

build a pseudo-segmentation mask for CT images, 

Zheng et al. (2020) reorganised the issue as an 

unsupervised technique. Due to a lack of tagged 

medical pictures, the COVID-19 literature suggests 

that unsupervised and poorly supervised learning 

processes are preferred strategies. 

The literature on segmentation in COVID-19 

applications is extensive. Using U-Net on chest CT, Li 

et al. (2020) conducted lung segmentation to 

distinguish between coronavirus and pneumonia. The 

most critical component in safeguarding the population 

is early identification of COVID, hence quick AI 

approaches should be implemented in the diagnostic 

process. Jin et al. (2020) suggested an approach that 

used CT slices as input to the model, with the slices 

resulting from a segmentation network. To summarise, 

the segmentation method is a cornerstone in the world 

of COVID-19 applications since it simplifies the life of 
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radiologists by providing them with accurate detection 

of areas of interest and reliable viral diagnosis. 

 

Picture preprocessing is another effective way for 

ignoring unneeded sections of an image. In COVID-19 

applications, this may be used for segmentation. Image 

preprocessing is separated into two categories: picture 

restoration and image reconstruction. The most basic 

method of picture restoration is to use filtering to 

remove noise. Multilayer neural network–based filters 

have been created to identify picture edges and 

improve the noise detection method (Suzuki et al., 

2001; Suzuki et al., 2002a; Suzuki et al., 2002b;Suzuki 

et al., 2004). When dealing with noisy data that 

includes nonlinearity, reconstructing medical pictures 

may be a difficult task. As a result, this issue was 

deemed ill-conditioned, and it could only be solved by 

loosening requirements and making simplified 

assumptions. Because they create a linear 

approximation of the noisy data, feed forward (Nejatali 

and Ciric, 1998; El et al., 2000) and Kohonen neural 

networks (Adler and Guardo, 1995; Comtat and Morel, 

1995) are popular approaches in the field of 

reconstruction. 

 

A quick review of the phases of radiography patterns 

in CT images is required before addressing the 

classification of COVID-19 from other illnesses and 

the severity of the virus infecting specific individuals. 

These patterns are evaluated in four steps, according to 

Pan et al. (2020). The first stage is the early stage (day 

0 to day 4), during which first symptoms appear and 

lesions' areas may be seen in the lower lobes of the 

lung using a chest CT. Lesions grow out and thicken in 

stage two (days 5–8), attaining multilobes. Lesions are 

widespread with a dense intensity in the third stage 

(days 9 to 14); this is the most hazardous period. The 

penultimate step in which the virus is confined is 

known as the absorption stage. The classification and 

severity analysis of the infection state rely heavily on 

these patterns. 

 

Distinguishing COVID-19 patients from other patients 

is a difficult undertaking that has been the focus of 

current research. COVID-19 and non–COVID-19 

patients were labelled using the segmentation model 

acquired by U-Net++. In this study, segmented lesions 

were enough to predict the label and differentiate 

COVID-19 individuals from those with other 

disorders. The researchers classified 106 CT pictures 

of patients. These contributions help radiologists save 

time while reading. Another article (Zheng et al., 2020) 

combined the U-Net model for segmentation with a 3D 

convolutional neural network that determines the 

likelihood of labelling based on the output of the 

preceding model. The following rates were obtained 

using a dataset of 540 chest CT images: sensitivity of 

0.907, specificity of 0.911, and accuracy of 0.959. 

Another technique (Jin et al., 2020) used a 

combination of U-Net++ for lesion localisation and 

ResNet50 for classification. Based on 1,136 chest CT 

scans, the method had higher specificity and sensitivity 

(0.922 and 0.974, respectively). 

 

The severity evaluation is another important 

consideration in medical therapy. In the investigation 

by Shi et al., Vb-Net was utilised to detect this 

component (2020b). In order to train the RF 

architecture, the segmentation was done based on 

infection volumes in the areas of interest. Tang et al. 

(2020b) used another RF-based architecture to identify 

the COVID-19 level as severe or non-severe, based on 

176 chest CT scans. The accuracy rate of the 

architecture was 0.875. As a result, the researchers 

devised potential ways for diagnosing COVID-19 

using artificial intelligence. These studies' findings are 

regarded as trustworthy when it comes to categorising 

patients. In addition, severity estimate is an important 

part of the treatment process since it decides whether 

or not an ICU is required, for example. 

 

THECOVID-
19DETECTIONSYSTEM 

This section discusses the platform's development 

technique. It offers a full description of the design, as 

well as definitions of each block and its 

characteristics, as well as examples of the evaluation 

measures and calibration metrics that were used. 

Overview of Architecture and Challenges 

The scarcity of resources is one of the most 

significant issues in any health-care system 
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(Abdellatif et al., 2019; Abdellatif et al., 2020). The 

study's and architecture's dependability and quality 

are determined by the availability and quality of data. 

To assure the aforementioned influences of data 

availability, using CT scans necessitates a big dataset. 

As a result, a huge dataset of 6,752 CT scans was 

used in this investigation (see Section 4.1). 

We propose an AI-based medical hub platform that 

combines AI and image processing to identify 

various serious medical issues early. This platform is 

designed to address medical imaging-related issues. It 

detects irregularities and categorises them according 

to their severity. COVID-19 is a priority medical 

condition for the purposes of this research. As 

illustrated in Figure 1, the chest photos in the dataset 

pass through various blocks in this design.

 

FIGURE1|Blockdiagramoftheproposedarchitecture. 

First, the data is enhanced to add additional photos to 

the latter blocks and to emphasise important aspects 

that must be identified. Rotating, shearing, zooming, 

and blurring pictures accomplish this. After that, the 

supplemented data goes through two steps of 

preprocessing: standardisation and normalisation. 

These phases are necessary for the data sent into the 

network to be unified. The preprocessed pictures are 

supplied into the lesion segmentation block, which 

employs InfNet to handle aberrant aspects and 

features in order to locate anomalies in images. We 

are allowing it to determine the severity of the issue 

via additional picture analysis in addition to early 

detection utilising this block. Finally, in order to 

discriminate between COVID-19 and other viral 

pneumonia diseases, the aberrant pictures are fed into 

a deep network using the transfer learning approach. 

In the next sections, we'll go through each block in 

further detail. Augmentation of images 

Data augmentation is a technique for extracting more 

information from an existing dataset. In this situation, 

it makes perturbed duplicates of the existing photos. 

The primary purpose is to strengthen the neural 

network with diverse diversities, resulting in a 

network that can discriminate between significant 

and irrelevant dataset properties. Several strategies 

are available for image enhancement. When required, 

augmentation strategies are applied effectively based 

on data availability and quality. Our approach 

combines many strategies in order to support a large 

number of datasets for various situations, as follows: 

 Rotation: the picture is rotated between two 

points.10° and 10° are the temperatures. 

 Zooming in or out on the picture will also 

increase the number of items in the 

collection. 

 Shear: picture shearing may be done by 

rotating the image.The component of 

imitation in the third dimension 

 Gaussian blur: high-frequency elements may 

be removed with a Gaussian filter, resulting 

in a blurred version of a picture. 

The dataset was extended and utilised in the training 

phase using these approaches. Nonetheless, the 

testing set will not be expanded throughout the 

testing period. This would ensure the architecture's 

durability while avoiding over-fitting. Image 

Preparation. 

Because the data is likely to originate from a variety 

of sources, a method to manage the complexity and 

accuracy is required. Image preprocessing reduces 

the complexity of data and improves the accuracy of 

the results. This approach standardises data in various 

phases in order to provide a clean dataset to the 

network. The following phases are used to do data 

preparation in this architecture: 
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• Image standardisation: Neural networks that deal 

with images need images with the same aspect ratio. 

As a result, the first step is to scale the photos to give 

them unique dimensions and a square form, which is 

the most common shape for neural networks. 

• Normalization: every AI algorithm's input pixels 

must be normalised. 

To improve the training phase's convergence, use a 

normalised data distribution. The operation of 

removing the mean of the distribution from each 

pixel and dividing by standard deviation is known as 

normalisation. Scaling normalised data is considered 

at the conclusion of this stage to produce positive 

results. Segmentation of Lesions. 

The key factors are ground glass opacities (GGOs) 

and consolidation.identified traits in the case of 

COVID-19 patients, where 97.86% of patients 

develop such illnesses within 21 days after being 

infected with COVID-19 (Liang et al., 2020). As a 

result, we employed lesions segmentation to find out 

whether these illnesses were present and how much 

of the body was contaminated. Because different 

viral pneumonia may cause these diseases, this block 

will categorise an input picture as normal or 

abnormal. Normal ones are discharged as output, 

whereas abnormal ones are sent via the ResNet block 

to detect COVID-19 patients. The InfNet architecture 

is used in the segmentation procedure. 

The renowned split ratio suggested by the Pareto 

principle will be applied to the preprocessed data 

comprising of CT scans. In the training phase, 80% 

of the photos will be evaluated, while 20% of the 

dataset will be utilised to test the network. 

The renowned split ratio suggested by the Pareto 

principle will be applied to the preprocessed data 

comprising of CT scans. In the training phase, 80% 

of the photos will be evaluated, while 20% of the 

dataset will be utilised to test the network. 

Low-resolution features are recovered from 

preprocessed CT images using two convolutional 

layers. The high-level characteristics are then 

extracted by inserting these features into three 

convolutional layers. It was shown in the context of 

segmentation thatBecause edge information is useful, 

an edge attention unit is used to improve the 

depiction of areas of interest. The global map is 

created by collecting the high-level characteristics 

and segmenting the lung lesions using a parallel 

partial decoder. On the basis of the global map, the 

output and high-level features are combined with 

low-level features to be placed in cascaded reverse 

attention units. Finally, the data is fed into a Sigmoid 

activation function to estimate infection zones.(2020, 

Fan et al.) 

This block creates a coloured depiction of the GGO 

and consolidation segment by segmenting the 

contaminated regions in a CT-scan picture. In the 

absence of such areas, the picture will be black and 

blank. Normal photos are those that are not filled 

with anything. The ResNet50 deep network model is 

given the remainder of the aberrant photos. These 

representations are also quantified so that the corona 

score can be calculated afterwards. Deep Network 

ResNet50 

Transferring learning is a well-known approach for 

training convolutional neural networks, with a large 

body of research on the subject. The network is pre-

trained using this way using ImageNet, a massive 

database. This stage leads to the initialization of the 

layers' weights, which reduces the vanishing gradient 

issue by loading such weights before deploying the 

network in the present design. This is a significant 

benefit of transfer learning, since it improves the 

convergence of the goal. Another benefit of this form 

of learning is the ability to extract key visual 

properties such as shape and edges. As a 

consequence, by restricting calculations to the last 

layers of the training phase, the computational time is 

minimised. 

The surviving network ResNet is a cutting-edge deep 

learning technique that outperforms several other 

dense networks in terms of accuracy and 

computational complexity (He et al., 2016; 

Vatathanavaro et al., 2018). This is why, using 

transfer learning, we were able to identify the 



 
 
 
 
 

International Journal of Multidisciplinary Engineering in Current 

Research 

Volume 6, Issue 11, November 2021, http://ijmec.com/ 
 

23 
 

coronavirus and differentiate it from other viral 

pneumonia infections. 

The pretrained model describes the final layers as 

classification layers in order to identify the dataset 

across several classes, and therefore the extracted 

features will be kept in the last convolutional layer to 

be translated into prediction values for each class. 

Except for the final layer, which will be trained to 

create estimates and lead the classification process 

for our new batch of photos, the initialization weights 

(the essential element of transfer learning techniques) 

remain unchanged. The pooling layer, dropout layer, 

flattening layer, and activation functions (rectified 

linear unit) are all included to this model. 

ResNet50 (Vatathanavaro et al., 2018), a deep 

network that takes the learning rate as an evaluation 

in the stage to change the weights of the layers, is the 

residual network utilised in this design. The weights 

are changed in each iteration depending on the loss 

computed from the input and predicted values. 

Themodified weights' formula is as follows:

 

where w denotes the weight, I is the process iteration, L 

denotes the loss function, and is the learning rate. 

Metrics for Evaluation 

In addition to our novel metric, the corona score, the 

performance of the proposed design is assessed using 

many statistical indicators. 

Accuracy 
Accuracy is a statistic that measures a method's ability 

to define the right expected cases:

 

• TP: the number of correctly predicted positive 

instances is equal to the number of true positives. 

• FP: false positive is the amount of false positives 

anticipated incorrectly. 

• TN: the number of correctly predicted negative 

situations is equal to the number of genuine 

negatives. 

• FN: the number of inaccurate is equal to the number 

of false negatives.situations that were expected to be 

negative 

Recall 
The sensitivity of a procedure is defined by its recall:

 

Precision 
Precisionistheratiooftheunnecessarypositivecasetothet

otalnumberofpositives: 

 

Specificity 
Specificityistheratioofcorrectpredictednegativesoverneg

ative 

observations: 

 

F1-Score 
F1-Scoreisthemeasureofthequalityofdetection: 

 

CoronaScore 
The corona score is a novel metric for assessing the 

severity of a virus's infection in the lungs. It is 

determined by the lungs' volume and the volume of 

the infected region as determined by the 

segmentation block. The following formula is used to 

compute this metric: 
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The volume of the lung is first measured using a lung 

CT picture. 

• The alveolar area, also known as parenchyma, 

accounts for 90% of the lung's overall capacity 

(Knudsen and Ochs, 2018). 

• Radiologists classify the severity of coronavirus 

infections depending on their appearance.minimum 

(10 percent of lung parenchyma), moderate (10–25 

percent), intermediate (25–50 percent), severe (50–75 

percent), and critical (greater than 75 percent of lung 

parenchyma) GGOs and consolidation in lung CT 

images (Guillo et al., 2020).

 

 CalibrationMetrics 

Depending on the test findings and the job at hand, 

this architecture combines several calibration 

procedures. In this part, we'll go through the many 

approaches that our platform takes into consideration. 

Speed of Learning When it comes to updating the 

weights formula, this rate is crucial. Its ideal value is 

sometimes out of reach. Learning rates that are either 

low or too high cause a variety of issues. Low values 

slow down the training process, causing the whole 

operation to be delayed. High values, on the other 

hand, accelerate convergence and lower set weights, 

ensuring that no suboptimal weight is obtained. In 

this model, we utilised Smith's recommended rate as 

the best option (2017). To improve classification 

accuracy, the authors adjusted the learning rates 

cyclically in a realistic interval. Another.The SGD 

optimizer may be used to define this rate by 

initialising it and updating it.

 

where iterations denote epoch steps and decay is a 

decaying parameter suggested by the optimizer. 

Function of Loss. 

The loss function is a method of calculating the 

algorithm's performance after it has been trained with 

the dataset. It calculates how far the forecasts are off 

the mark. This factor is subsequently utilised to 

optimise the method by reducing the loss suffered. In 

reality, the loss function indicates whether or not a 

certain tuning of the algorithm is beneficial. Loss 

functions are divided into three categories: 

regression, binary classification, and multi-class 

classification. Because the output of both blocks, 

segmentation and ResNet50, produces binary 

classification (normal, abnormal; COVID, non-

COVID), binary classification loss functions are 

more likely to be employed in the present 

investigation. There are three types of loss functions 

in this category: binary cross entropy, hinge loss, and 

squared hinge loss. For the segmentation and 

ResNet50 blocks in this design, we employed binary 

cross entropy as a loss function. 

The BCE equation is as follows:

 

The output size is M, the output scalar value is yi, 

and the goal value is yi. 

Regularization  
Overfitting is one of the most common difficulties in 

AI algorithms that may be avoided by explicitly 

submitting the algorithm's design to the training set. 

Regardless of the input, the network's output is 

limited to the specific output generated earlier by the 

training set. Regularization is a technique for 

adjusting the mapping and preventing over-fitting. 

Data augmentation is known to be used to increase 

the training dataset and hence reduce over-fitting, 

although the method's high memory cost might be a 

major drawback. Regardless of the size of the 

training dataset, regularisation techniques may be 

applied. The most well-known regularisation 

methods are dropout and drop-connect. Dropout 

techniques based on the probability distributions of 

connections in each tier are often used in fully linked 

networks. As a consequence of this procedure, 

connections are discarded and nodes are dropped. 
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Fast dropout, adaptive dropout, evolution dropout, 

spatial dropout, nested dropout, and max pooling 

dropout are some of the several types of dropout that 

are used depending on the situation. 

RESULTS OF MODEL SIMULATION 
With the help of many AI and image processing tools 

that boost training efficiency, the suggested 

architecture was developed in Python v3.6 using 

PyCharm in a Windows 10 environment. 

FIGURE 2 | CT chest scans of normal, COVID-19 

pneumonia, and common pneumonia (A) and (B) 

respectively. 

to improve one's performance Fastai, numpy, scipy, 

and openCV libraries were used in our testing setup, 

which was accelerated by an NVIDIA GeForce RTX 

2070 super GPU with 8 GB dedicated RAM. We are 

evaluating our models using genuine datasets used in 

the literature, and the simulation is built on Linux and 

Python scripting that is compatible with most 

hardware. 

The testing procedures for both blocks, lesion 

segmentation and ResNet50 deep network, will be 

discussed individually in this section. Based on the 

projected output, each block will have its own 

assessment metrics. The whole system will then be 

put through a complete test to assess its performance. 

The platform test results are shown in the tables and 

figures below. Dataset 

The China National Center for Bio-information 

provided the CT chest imaging dataset that we 

utilised in our investigation. There are three types of 

pneumonia in these images: coronavirus pneumonia, 

common pneumonia, and normal pneumonia. These 

statistics were made accessible by the China National 

Center to aid researchers in their fight against the 

epidemic. The dataset includes 617,775 CT slices 

from 6,752 CT scans from 4,154 individuals, spread 

between 999 COVID-19 patients, 1,687 normal 

pneumonia patients, and 1,468 common pneumonia 

patients (Zhang et al., 2020). The various classes 

studied in this research are shown in Figure 2: a) 

normal, b) COVID-19 pneumonia, and c) common 

pneumonia. In our research, we randomly selected 

450 photos from each class. The selected dataset was 

supplemented with 150 more photographs, 50 from 

each class, for a total of 1,500 images. Block for 

Lesion Segmentation 

Our suggested model was trained to assess CT-scan 

chest pictures in order to distinguish between 

abnormal (infected lungs) and normal (healthy lungs) 

(healthy lungs). 

The segmentation block was given a big dataset with 

augmentation to assess and identify the presence of 

GGOs and consolidation in patients' lungs, as well as 

to quantify their size and location. The presence of 

any or both of these illnesses served as a criteria for 

distinguishing between normal and atypical patients. 

There were 1,500 CT chest pictures as a consequence 

of enhanced data and genuine data: 500 normal, 500 

COVID-19, and 500 different pneumonia disorders. 

As previously stated, 80 percent (1,200 pictures) of 

these photographs were employed as a training set. 

As illustrated in Figure 3, the output representation of 

this block is either blank, indicating the lack of 

infection, or a segmented version of the picture, 

displaying GGO and consolidation in blue and green, 

respectively. The corona score is computed and 

supplied as an output with the positive COVID-19 

prediction in the later block if an anomaly is 

discovered. 

 

FIGURE3|SegmentationofCOVID-

19CTimage;GGOsinblueandconsolidationingreen. 
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The CT picture given to the system is 352 352 pixels 

in size. In order to generalise the module, images are 

resampled. The learning rate in this module is set to 

0.0001 by Adam optimizer. Based on 200 epochs, the 

training component uses bogus values that reach 

convergence in around 8 hours. As noted in the 

calibration metrics section, the loss function 

employed is BCE. This function takes into account 

the ground truth map as well as the convolutional 

layer's edge map. A rapid dropout is then used to 

regularise the training data. 

The trained InfNet model has a 95.54% accuracy 

rate. Some of the aberrant photos were misclassified 

because they were taken during the early stages of 

pneumonia, when the lungs were not severely injured 

and infections were not yet apparent. The findings of 

the testing dataset are summarised in Table 1. The 

suggested model demonstrated that the sensitivity 

and specificity of aberrant photos are equivalent to 

189 out of 200 (94.5%) and 97 out of 100 for normal 

images, respectively, with a f1–score of 0.964 and 

98.44 percent for accuracy. 

 

 

Different segmentation techniques were examined 

and compared to these findings to ensure that Infnet 

is the optimum option for deployment in this 

architecture. 

All of the approaches listed in Table 2 were tried for 

detecting contaminated areas (regions of interest). As 

a result, the classification has been completed, and 

the evaluation metrics have been calculated. Deep 

Network Block ResNet50 

The model of deep networks ResNet50 has been 

trained to identify the kind of pneumonia in pictures 

by discriminating between COVID and non-COVID 

pneumonia. The backpropagation of errors between 

layers is crucial in this AI model. Simultaneously, 

weights are adjusted based on the learning that has 

been determined to be suboptimal.0.001 percent 

(Smith, 2017). There are 23 million parameters in 

this method, which are fine-tuned using a variety of 

optimization approaches. The loss function is one of 

these parameters. We employed the binary cross 

entropy loss function in our existing system. The 

augmented dataset is provided to this block in the 

same way as it is fed to the segmentation block, with 

the exception of normal cases. The algorithm is 

trained with 800 photos and validated with 200 

images. The validation method is based on the loss 

function value, which is determined by the difference 

between the predicted and real value as well as the 

class probability. 

In testing mode, the network concentrates on each 

class's probability score in order to produce a 

prediction. The class is predicted using the least loss 



 
 
 
 
 

International Journal of Multidisciplinary Engineering in Current 

Research 

Volume 6, Issue 11, November 2021, http://ijmec.com/ 
 

27 
 

value. By reducing the size of the area of interest, 

segmented pictures sped up model convergence. 

Furthermore, greater understanding is gained via the 

process of infection location, since COVID-19 is 

known to infect the lungs' margins bilaterally (Ding 

et al., 2020). The accuracy of the trained deep 

network was 96.5 percent. The findings of the testing 

phase are summarised in Table 3. The suggested 

model correctly predicted the presence of COVID-19 

in 97 of 100 cases and its absence in 96 of 100 cases, 

where these values correspond to the model's 

sensitivity and specificity, respectively. In addition, it 

Precision was 96.04 percent, with a f1–score of 

0.965. 

Different classification algorithms were evaluated 

and compared to these findings to ensure that 

ResNet50 is the optimum option for deployment in 

this architecture. 

To discriminate between COVID infection and other 

pneumonia infections, the techniques in Table 4 were 

evaluated. As a consequence, the classification has 

been completed, and the evaluation metrics have 

been calculated. Model in its entirety. 

Each block was put to the test on its own to ensure 

that it was effective. For convergence purposes, the 

latter block takes use of the fact that it is tested with 

segmented pictures. To assess the overall 

performance, a comprehensive system test was run 

with the dataset as input. In this scenario, the ResNet 

block gets a sample of incorrectly classified normal 

pictures from the previous block, which is put 

through a more realistic test environment. The whole 

system test was found to be 95 percent accurate. 

Table 5 shows all of the classifications and metrics, 

each with its own accuracy and sensitivity. Corona 

Rating 

For all positive COVID-19 scans, a corona score was 

calculated at the output, and the cases were divided 

into four groups as previously stated. We verified the 

validity of the severity classifications by comparing 

to the ground truth segmentation figures and 

confirmed that the severity of all instances was 

accurately classified. Figure 3 has a corona score of 

0.1323, indicating a moderate severity class. 

Efficiency in Computing 

The overall system attributes show improved 

computing performance.performance using a variety 

of metrics 

• Ternary problem partitioning: by separating the aim 

into two binary classification blocks, block 

partitioning resulted in greater computing efficiency. 

• Time efficiency is one of the key advantages of 

such an arrangement. 

When compared to comparable systems, architecture 

is the efficiency of detection in terms of time, 

resulting in a faster convergence time. 

The prediction complexity in neural networks is 

around O(p(nl1 nl1*nl2 )), where p is the number of 

features.nl is the number of neurons per layer 

retrieved. In the ternary system, 

Because there is a requirement for high precision in 

order to identify three classes in a classification task, 

p would be significantly larger than in the binary 

situation. This significantly increases the algorithm's 

complexity. On the input of the latter block, 

ResNet50, the inserted images are heat maps of the 

lesions extracted by the segmentation block, so there 

is no complex CT scan anymore, which leads to a 

minimal number of 
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to be extracted characteristics p. As a result, the prediction 

complexity in this design reaches a suboptimal value. 

The setting of this ternary issue was meant to confirm our 

assumptions. Except for the segmentation block, the 

same design applies. The classification block for the 

whole system is now ResNet50. After being 

supplemented, preprocessed, and separated into training 

and testing sets, this block gets the whole dataset. In the 

testing phase, the computing time was reduced by 36%, 

and in the training phase, it was reduced by 28%. 

WORK IN THE FUTURE 

This article is part of a larger study. The purpose of the paper 

was to compare AI-based segmentation algorithms. Our 

findings will be compared to conventional and non–AI 

based segmentation approaches in the future. Our 

overarching goal is to create a complete medical centre 

that can identify and analyse a variety of medical 

disorders. This medical centre would not be restricted to 

COVID-19 detection, but would also include the 

identification of other diseases and the severity of their 

diagnoses. Furthermore, our staff makes it a priority to 

maintain the system up to date, taking use of new 

methodologies and published research. Finally, we're 

adding and testing a new layer of validation as well as 

improving our calibration processes to reduce false 

positives and mistakes. 

CONCLUSION 

We suggested an advanced medical hub design with an AI 

system in this research, which comprises of two phases: 

segmentation and the ResNet deep network. The first 

phase is in charge of identifying anomalies in CT scans 

in order to distinguish between normal and abnormal 

patients. The second is in charge of identifying COVID-

19 instances from other types of pneumonia. Both stages 

showed encouraging results. The segmentation accuracy 

was excellent. 

 

The ResNet50 block scored 95.54 and 96.5 percent. The total 

accuracy was found to be 95%. Because of the inclusion 

of the segmentation block, the whole model proved to 

be trustworthy and required much less computing time. 

In addition, our research created a severity index for 

COVID-19 instances (corona score). Even little severity 

may be recognised, prompting an immediate quarantine 

decision to prevent the virus from spreading. In the 

present research, this platform was utilised to identify 

COVID-19, but it may also be deployed and used for 

medical imaging analysis of other disorders. 

STATEMENT OF DATA 
AVAILABILITY 

The article/Supplementary Material contains the original 

contributions given in the research; additional questions 

should be sent to the relevant author. 

CONTRIBUTIONS FROM THE 
AUTHOR 

All of the writers named have contributed a significant, direct, 

and intellectual contribution to the work and have given 

their permission for it to be published. 

FUNDING 

TELUS Corp. of Canada, the American University of Beirut 

Research Board, and the Lebanese National Council for 

Scientific Research (CNRS) financed this study. 

ACKNOWLEDGMENTS 

The authors would like to express their gratitude to 

TELUS Corporation, the American University of Beirut 

(URB) research board (PROJECT/AWARD: 

25350/103780), and the Lebanese National Council for 

Scientific Research (CNRS) for their contributions to 

this study. 

REFERENCES 

 
 Abdellatif, A. A., Mohamed, A., Chiasserini, C. F., Tlili, M., 

and Erbad, A. (2019).Edge Computing for Smart Health: 

Context-Aware Approaches, 

Opportunities,andChallenges.IEEENetw.33,196–

203.doi:10.1109/mnet.2019.1800083 

https://doi.org/10.1109/mnet.2019.1800083


 
 
 
 
 

International Journal of Multidisciplinary Engineering in Current 

Research 

Volume 6, Issue 11, November 2021, http://ijmec.com/ 
 

29 
 

 Abdellatif, A. A., Samara, L., Mohamed, A., Erbad, A., 

Chiasserini, C. F., Guizani,M., et al. (2020). I-health: 

Leveraging Edge Computing and Blockchain 

forEpidemicManagement,arXiv:2012.14294. 

 Adler,A.,andGuardo,R.(1995).NeuralNetworkImageReco

nstructionTechnique for Electrical Impedance 

Tomography. Medical Imaging. IEEETrans.13,594–

600.doi:10.1109/42.363109 

 Ai,T.,Yang,Z.,Hou,H.,Zhan,C.,Chen,C.,Lv,W.,etal.(2020)

.CorrelationofChestCtandRt-

PcrTestingforCoronavirusDisease2019(Covid-19)inchina:A 

Report of 1014 Cases. Radiology 296, 200642. 

doi:10.1148/radiol.2020200642Alimadadi,A.,Aryal,S.,Mana

ndhar,I.,Munroe,P.,Joe,B.,andCheng,X.(2020).ArtificialInt

elligenceandMachineLearningtoFightCovid-19.Physiol. 

 Genomics     52,     200–202.     

doi:10.1152/physiolgenomics.00029.2020Bai,H.,Hsieh,B.,

Xiong,Z.,Halsey,K.,Choi,J.,Tran,T.,etal.(2020).Performance 

 ofRadiologistsinDifferentiatingCovid-

19fromViralPneumoniaonChestCt. 

 Radiology296,200823.doi:10.1148/radiol.2020200823 

 Bengio, Y. (2009). Learning Deep Architectures for Ai. 

Foundations 2, 1–55.doi:10.1561/2200000006 

 Cao, Y., Xu, Z., Feng, J., Jin, C., Wu, H., and Shi, H. 

(2020). LongitudinalAssessmentofCovid-

19UsingaDeepLearning–

BasedQuantitativeCtPipeline:IllustrationofTwoCases.Ra

diol.Cardiothorac.Imaging2,e200082.doi:10.1148/ryct.20

20200082 

 Chen, J., Wu, L., Zhang, J., Zhang, L., Gong, D., Zhao, 

Y., et al. (2020). DeepLearning-Based Model for 

Detecting 2019 Novel Coronavirus Pneumonia onHigh-

Resolution Computed Tomography: a Prospective Study 

in 27 Patients,10(1):19196.doi:10.1038/s41598-020-

76282-0 

 Chen, T., Chen, H., and Liu, R.-w. (1995). 

Approximation Capability in byMultilayer Feedforward 

Networks and Related Problems. Neural 

Networks.IEEETrans.6,25–30.doi:10.1109/72.363453 

 Cicek, O., Abdulkadir, A., Lienkamp, S., Brox, T., and 

Ronneberger, O. (2016). 3dU-Net: Learning Dense 

Volumetric Segmentation from Sparse 

Annotation.ImageComput.Computer-

AssistedIntervention,424–432.doi:10.1007/978-3-319-

46723-8_49 

 Comtat,C.,andMorel,C.(1995).ApproximateReconstructio

nofPetDatawithaSelf-Organizing Neural Network. 

Neural Networks. IEEE Trans. 6, 783–

789.doi:10.1109/72.377988 

 Ding, X., Xu, J., Zhou, J., and Long, Q. (2020). Chest Ct 

Findings of Covid-19Pneumonia by Duration of 

Symptoms. Eur. J. Radiol. 127, 109009. 

doi:10.1016/j.ejrad.2020.109009 

 El, F., Ali, A., Nakao, Z., Chen, Y.-W., Matsuo, K., and 

Ohkawa, I. (2000). 

AnAdaptiveBackpropagationAlgorithmforLimited-

AngleCTImageReconstruction. IEICE Trans. Fundam. 

Electron. Commun. Comput. Sci. 83(6),1049–

1058.doi:10.1117/12.461668 

 Esteva, A., Kuprel, B., Novoa, R., Ko, J., Swetter, S., 

Blau, H., et al. (2017).Dermatologist-

levelClassificationofSkinCancerwithDeepNeuralNetwork

s.Nature542(7639),115–118.doi:10.1038/nature21056 

 Fan, D.-P., Zhou, T., Ji, G.-P., Zhou, Y., Chen, G., Fu, 

H., et al. (2020). Inf-net:Automatic Covid-19 Lung 

Infection Segmentation from Ct Images. IEEE 

Trans.Med.Imaging,1.doi:10.1109/TMI.2020.2996645 

 Gaál, G., Maga, B., and Lukács, A. (2020). Attention U-

Net Based AdversarialArchitecturesforChestX-

rayLungSegmentation,arXiv:2003.10304. 

 Gozes,O.,Frid-

Adar,M.,Greenspan,H.,Browning,P.D.,Zhang,H.,Ji,W.,et

al.(2020).RapidAIDevelopmentCyclefortheCoronavirus(

Covid-19)Pandemic: Initial Results for Automated 

Detection and Patient 

MonitoringUsingDeepLearningCtImageAnalysis,arXiv:2

003.05037. 

 Guillo,E.,Gomez,I.,Dangeard,S.,Bennani,S.,Saab,I.,Tordjm

an,M.,etal.(2020).Covid-

19Pneumonia:DiagnosticandPrognosticRoleofCtBasedo

naRetrospectiveAnalysisof214ConsecutivePatientsfrompa

ris,france.Eur.J.Radiol.131,109209.doi:10.1016/j.ejrad.2

020.109209 

 Haleem,A.,Javaid,M.,andVaishya,R.(2020).EffectsofCovi

d19PandemicinDailyLife.Curr.Med.Res.Pract.10(2),78–

79.doi:10.1016/j.cmrp.2020.03.011He,K.,Zhang,X.,Ren,S.,

andSun,J.(2016).DeepResidualLearningforImageRecogn

ition.IEEEConferenceonComputerVisionandPatternRec

ognition(CVPR),LasVegas,NV,June27–30,2016,770–

778.doi:10.1109/CVPR.2016.90 

 Hu,Z.,Ge,Q.,Jin,L.,andXiong,M.(2020).ArtificialIntellig

enceForecastingofCovid-

19inchina.Int.J.Educ.Excell.6(1),71–

94.doi:10.18562/ijee.054Huang,L.,Han,R.,Ai,T.,Yu,P.,Ka

ng,H.,Tao,Q.,etal.(2020).SerialQuantitative 

 ChestCtAssessmentofCovid-19:Deep-

LearningApproach.Radiol.Cardiothorac.Imaging2,e200

075.doi:10.1148/ryct.2020200075 

 Isensee,F.,Petersen,J.,Klein,A.,Zimmerer,D.,Jaeger,P.,

Kohl,S.,etal.(2018).Nnu-Net:Self-

AdaptingFrameworkforU-Net-

BasedMedicalImageSegmentation. Informatik 

aktuell,Bildverarbeitung für die Medizin 2018, 

22.doi:10.1007/978-3-658-25326-4_7 

 Jin,S.,Wang,B.,Xu,H.,Luo,C.,Wei,L.,Zhao,W.,etal.(2020

).Ai-assistedCtImaging Analysis for Covid-19 Screening: 

Building and Deploying a Medical 

AiSysteminFourWeeks.doi:10.1101/2020.03.19.2003935

4 

 Knudsen, L., and Ochs, M. (2018). The Micromechanics of 

Lung Alveoli: 

StructureandFunctionofSurfactantandTissueComponen

https://doi.org/10.1109/42.363109
https://doi.org/10.1148/radiol.2020200642
https://doi.org/10.1152/physiolgenomics.00029.2020
https://doi.org/10.1148/radiol.2020200823
https://doi.org/10.1561/2200000006
https://doi.org/10.1148/ryct.2020200082
https://doi.org/10.1148/ryct.2020200082
https://doi.org/10.1148/ryct.2020200082
https://doi.org/10.1038/s41598-020-76282-0
https://doi.org/10.1038/s41598-020-76282-0
https://doi.org/10.1109/72.363453
https://doi.org/10.1007/978-3-319-46723-8_49
https://doi.org/10.1007/978-3-319-46723-8_49
https://doi.org/10.1109/72.377988
https://doi.org/10.1016/j.ejrad.2020.109009
https://doi.org/10.1016/j.ejrad.2020.109009
https://doi.org/10.1117/12.461668
https://doi.org/10.1038/nature21056
https://doi.org/10.1109/TMI.2020.2996645
https://doi.org/10.1016/j.ejrad.2020.109209
https://doi.org/10.1016/j.ejrad.2020.109209
https://doi.org/10.1016/j.ejrad.2020.109209
https://doi.org/10.1016/j.cmrp.2020.03.011
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.18562/ijee.054
https://doi.org/10.1148/ryct.2020200075
https://doi.org/10.1007/978-3-658-25326-4_7
https://doi.org/10.1101/2020.03.19.20039354
https://doi.org/10.1101/2020.03.19.20039354
https://doi.org/10.1101/2020.03.19.20039354


 
 
 
 
 

International Journal of Multidisciplinary Engineering in Current 

Research 

Volume 6, Issue 11, November 2021, http://ijmec.com/ 
 

30 
 

ts.Histochem.CelBiol.150.doi:10.1007/s00418-018-1747-

9 

 Li, L., Qin, L., Xu, Z., Yin, Y., Wang, X., Kong, B., et al. 

(2020). Artificial IntelligenceDistinguishes Covid-19 from 

Community Acquired Pneumonia on Chest 

Ct.Radiology296,200905.doi:10.1148/radiol.2020200905 

 Liang, T., Liu, Z., Wu, C., Jin, C., Zhao, H., Wang, Y., et 

al. (2020). Evolution of CtFindings in Patients with Mild 

Covid-19 Pneumonia. Eur. Radiol. 30, 1–

9.doi:10.1007/s00330-020-06823-8 

 Luo,H.,Tang,Q.-l.,Shang,Y.-x.,Liang,S.-

B.,Yang,M.,Robinson,N.,etal.(2020).Can Chinese 

Medicine Be Used for Prevention of corona Virus 

Disease 2019(Covid-19)? a Review of Historical 

Classics, Research Evidence and 

CurrentPreventionPrograms.Chin.J.Integr.Med.26,243–

250.doi:10.1007/s11655-020-3192-6 

 Milletari, F., Navab, N., and Ahmadi, S.-A. (2016). V-

net: Fully ConvolutionalNeural Networks for 

Volumetric Medical Image Segmentation. Fourth 

Int.Conf.3DVis.(3dv)2016,565–

571.doi:10.1109/3DV.2016.79 

 Nejatali,A.,andCiric,I.(1998).AnIterativeAlgorithmforEl

ectricalImpedanceImaging Using Neural Networks. 

Magnetics, IEEE Trans. 34, 2940–

2943.doi:10.1109/20.717686 

 Pan, F., Ye, T., Sun, P., Gui, S., Liang, B., Li, L., et al. 

(2020). Time Course of LungChanges on Chest Ct during 

Recovery from 2019 Novel Coronavirus (Covid-19) 

Pneumonia.Radiology295,200370.doi:10.1148/radiol.20

20200370 

 Qi, X., Jiang, Z., Yu, Q., Shao, C., Zhang, H., Yue, H., 

et al. (2020). MachineLearning-Based Ct Radiomics 

Model for Predicting Hospital Stay in Patientswith 

Pneumonia Associated with Sars-Cov-2 Infection: A 

Multicenter Study.8(14):859.doi:10.21037/atm-20-3026 

 Rawat,W.,andWang,Z.(2017).DeepConvolutionalNeural

NetworksforImageClassification:AComprehensiveRevie

w.NeuralComput.29,1–98.doi:10.1162/NECO_a_00990 

 Ronneberger,O.,Fischer,P.,andBrox,T.(2015).U-

net:ConvolutionalNetworksfor Biomedical Image 

Segmentation. vol. 9351, 234–241. doi:10.1007/978-3-

319-24574-4_28 

 Rosenblatt, F. (1958). The Perceptron: a Probabilistic 

Model for 

InformationStorageandOrganizationintheBrain.Psychol

.Rev.65(6),386–408.doi:10.1037/h0042519 

 Schwarz,G.(1978).EstimatingtheDimensionofaModel.A

nn.Stat.6,461–464.doi:10.1214/aos/1176344136 

 Shan+,F.,Gao+,Y.,Wang,J.,Shi,W.,Shi,N.,Han,M.,etal.(

2021).Abnormallung quantification in chest CT images 

of COVID-19 patients with deeplearning and its 

application to severity prediction. Med. Phys. 1633–

1645.doi:10.1002/mp.14609 

 Shen, C., Yu, N., Cai, S., Zhou, J., Sheng, J., Liu, K., et 

al. (2020). 

QuantitativeComputedTomographyAnalysisforStratifyin

gtheSeverityofCoronavirus Disease 2019. J. Pharm. 

Anal. 10 (2), 123–129. doi:10.1016/j.jpha.2020.03.004 

 Shen, D., Wu, G., and Suk, H.-I. (2017a). Deep Learning 

in Medical Image Analysis.Annu. Rev. Biomed. Eng. 19, 

221–248. doi:10.1146/annurev-bioeng-071516-044442 

 Shen, D., Wu, G., and Suk, H.-I. (2017b). Deep 

Learning in Medical 

ImageAnalysis.Annu.Rev.Biomed.Eng.19,221–

248.doi:10.1146/annurev-bioeng-071516-044442 

 Shi, F., Wang, J., Shi, J., Wu, Z., Wang, Q., Tang, Z., et 

al. (2020a). Review ofArtificialIntelligenceTechniques in 

Imaging Data Acquisition, Segmentation and 

DiagnosisforCovid-19. IEEE Reviews inBiomedical 

Engineering PP,4–15.doi:10.1109/RBME.2020.2987975 

 Shi, F., Xia, L., Shan, F., Wu, D., Wei, Y., Yuan, H., et 

al. (2020b). Large-scaleScreeningofCovid-

19fromCommunityAcquiredPneumoniaUsingInfectionSi

ze-Aware Classification. Phys. Med. Biol. 66 (6), 065031. 

doi:10.1088/1361-6560/abe838 

 Smith, L. (2017). Cyclical Learning Rates for Training 

Neural Networks. 

IEEEWinterConferenceonApplicationsofComputerVision

(WACV),SantaRosa,CA,March24–31,2017,464–

472.doi:10.1109/WACV.2017.58 

 Suzuki, K., Horiba, I., and Sugie, N. (2001). A Simple 

Neural Network PruningAlgorithm with Application to 

Filter Synthesis. Neural Process. Lett. 13, 43–

53.doi:10.1023/A:1009639214138 

 Suzuki, K., Horiba, I., and Sugie, N. (2002a). Efficient 

Approximation of NeuralFilters for Removing Quantum 

Noise from Images. Signal. Processing, 

IEEETrans.50,1787–

1799.doi:10.1109/TSP.2002.1011218 

 Suzuki, K., Horiba, I., Sugie, N., and Nanki, M. (2002b), 

Neural Filter with Selectionof Input Features and its 

Application to Image Quality Improvement of 

MedicalImageSequences.IEICETransactionsonInformati

onandSystemsE85-D.85,1710–1718. The Institute of 

Electronics, Information and CommunicationEngineers. 

 Suzuki,K.,Horiba,I.,andSugie,N.(2004).NeuralEdgeEnha

ncerforSupervised Edge Enhancement from Noisy 

Images. Pattern Analysis 

AndMachineIntelligence.IEEETrans.25,1582–

1596.doi:10.1109/TPAMI.2003.1251151 

 Tang, L., Zhang, X., Wang, Y., and Zeng, X. (2020a). Severe 

Covid-19 Pneumonia:Assessing Inflammation burden 

with Volume-RenderedChest Ct. 

Radiol.Cardiothorac.Imaging2,e200044.doi:10.1148/ryct.

2020200044 

 Tang, Z., Zhao, W., Xie, X., Zhong, Z., Shi, F., Liu, J., et 

al. (2020b). 

SeverityAssessmentofCoronavirusDisease2019(Covid-

19)UsingQuantitativeFeaturesfromChestCtImages.Phys.

Med.Biol.66(3),035015.doi:10.1088/1361-6560/abbf9e 

 Vatathanavaro, S., Tungjitnob, S., and Pasupa, K. 

https://doi.org/10.1007/s00418-018-1747-9
https://doi.org/10.1007/s00418-018-1747-9
https://doi.org/10.1148/radiol.2020200905
https://doi.org/10.1007/s00330-020-06823-8
https://doi.org/10.1007/s11655-020-3192-6
https://doi.org/10.1007/s11655-020-3192-6
https://doi.org/10.1109/3DV.2016.79
https://doi.org/10.1109/20.717686
https://doi.org/10.1148/radiol.2020200370
https://doi.org/10.1148/radiol.2020200370
https://doi.org/10.1148/radiol.2020200370
https://doi.org/10.21037/atm-20-3026
https://doi.org/10.1162/NECO_a_00990
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1037/h0042519
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1002/mp.14609
https://doi.org/10.1016/j.jpha.2020.03.004
https://doi.org/10.1016/j.jpha.2020.03.004
https://doi.org/10.1016/j.jpha.2020.03.004
https://doi.org/10.1146/annurev-bioeng-071516-044442
https://doi.org/10.1146/annurev-bioeng-071516-044442
https://doi.org/10.1146/annurev-bioeng-071516-044442
https://doi.org/10.1146/annurev-bioeng-071516-044442
https://doi.org/10.1109/RBME.2020.2987975
https://doi.org/10.1088/1361-6560/abe838
https://doi.org/10.1088/1361-6560/abe838
https://doi.org/10.1109/WACV.2017.58
https://doi.org/10.1109/TSP.2002.1011218
https://doi.org/10.1109/TPAMI.2003.1251151
https://doi.org/10.1109/TPAMI.2003.1251151
https://doi.org/10.1109/TPAMI.2003.1251151
https://doi.org/10.1148/ryct.2020200044
https://doi.org/10.1148/ryct.2020200044
https://doi.org/10.1148/ryct.2020200044
https://doi.org/10.1088/1361-6560/abbf9e


 
 
 
 
 

International Journal of Multidisciplinary Engineering in Current 

Research 

Volume 6, Issue 11, November 2021, http://ijmec.com/ 
 

31 
 

(2018). White Blood 

CellClassification:AComparisonbetweenVgg-16andResnet-

50Models12,4–5. 

 Wang, Y., Hu, M., Zhou, Y., Li, Q., Yao, N., Zhai, G., et al. 

(2020). Unobtrusive 

andAutomaticClassificationofMultiplePeople’sAbnormal

RespiratoryPatterns 

inRealTimeUsingDeepNeuralNetworkandDepthCamera.I

EEEInternetofThingsJournal.9,8559–

8571.doi:10.1109/JIOT.2020.2991456 

 Wu,G.,Kim,M.,Wang,Q.,Munsell,B.C.,andShen,D.(2016

).ScalableHigh-Performance Image Registration 

Framework by Unsupervised Deep 

FeatureRepresentationsLearning.IEEETrans.Biomed.E

ng.63,1505–1516.doi:10.1109/TBME.2015.2496253 

 Zhang, K., Liu, X., Shen, J., Li, Z., Sang, Y., Wu, X., et 

al. (2020). ClinicallyApplicable Ai System for Accurate 

Diagnosis, Quantitative Measurements, andPrognosis of 

Covid-19 Pneumonia Using Computed Tomography. Cell 

182 (5),1360.doi:10.1016/j.cell.2020.08.029 

 Zheng,C.,Deng,X.,Fu,Q.,Zhou,Q.,Feng,J.,Ma,H.,etal.(2020

).DeepLearning-BasedDetectionforCovid-

19fromChestCtUsingWeakLabel.doi:10.1101/2020.03.12

.20027185 

 Zhou,Z.,RahmanSiddiquee,M.M.,Tajbakhsh,N.,andLia

ng,J.(2018).Unet++:A Nested U-Net Architecture for 

Medical Image Segmentation. Deep Learn.Med. Image 

Anal. Multimodal Learn. Clin. Decis. Support. 11045, 

3–11.doi:10.1007/978-3-030-00889-5_1 

https://doi.org/10.1109/JIOT.2020.2991456
https://doi.org/10.1109/TBME.2015.2496253
https://doi.org/10.1016/j.cell.2020.08.029
https://doi.org/10.1101/2020.03.12.20027185
https://doi.org/10.1101/2020.03.12.20027185
https://doi.org/10.1101/2020.03.12.20027185
https://doi.org/10.1101/2020.03.12.20027185
https://doi.org/10.1007/978-3-030-00889-5_1

