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ABSTRACT

Coronaviruses, including SARS-CoV-2, are responsible for COVID-19, a highly transmissible
thise@gnerged in December 2019 in Wuhan, China. During the past five years, significant
hdvameanenagde in understanding and mitigating the virus. Although the initial outbreak led to
hbabidi crises, improved vaccination strategies, antiviral treatments, and Al-driven diagnostic tools
hamtributed to better disease management. However, COVID-19 continues to pose risks,
frarimutaripcompromised individuals and those with pre-existing conditions. This study explores
tise of deep learning for a rapid and accurate diagnosis of COVID-19, addressing ongoing
thhideltheare infrastructure and testing accessibility. We propose an enhanced automated
ystenicheveraging state-of-the-art convolutional neural networks (CNNs), including updated
obr¥ichs16, VGG19, and ResNet50, to classify COVID-19 infections from chest radiographs
anthputerized tomography (CT) Our based on an expanded dataset of over
seadical images, demonstrate that the opti@gakd, ResN@®@0model achieves the highest
perfeifimanion; with 97.77% accuracy, 100% sensitivity, 93.33% specificity, and a 98.0% F1-
ddwse findings reinforce the potential of Al-assisted diagnostic tools in improving early detection

paddemic

preparedness.
Keywords Computer - COVID-19 - Transfer - Medical Imaging
Vision Diagnosis Learning Analysis

1 Introductio

n
1.1 Introduction of COVID-

19
On 31 December 2019, WHO was informed of cases of pneumonia of unknown cause in Wuhan City, China 1]. In
hddition to causing illnesses as mild as a cold, Coronaviruses cause diseases of varying severity. On 30 January
D20edros Adhanom Ghebreyesus, WHO Director-General, declared the novel coronavirus outbreak a Public
Bewrgency of International Concern (PHEIC), WHO’s very best level of At that point, there have been
agbmfirmed cases and no reported deaths in 18 countries outside On 11 Mard@8 2020, the rapid increase in
@himber of cases outside China led the WHO Director-General to announte that the outbreak might be characterized
an epidemic. As of 28 April 2020, 63% of worldwide mortality from the virus was from the Region. [1] the
efipeapde at large, their health, and the economy of a rustic is affected by this deadly viral disease. On 26
RREWEIO detected a new variant of Coronaviruses named Omicron. 2] By 2025, the global response to COVID-
has improved with revised vaccines, antiviral treatments, and Al-driven dfagnostic technologies. Although the
comtdnues to pose a public health challenge, enhanced immunity, and mitigation strategies have significantly
deverasebes and mortality rates. Ongoing surveillance and adaptation to emerging variants continue to be crucial
inanaging the disease’s long-term

impact.
1.2 Symptoms of COVID-
19
} ... As of Mar 5, COVID-19 continues to be a prevalent global health.concer esenting a wide range o
https/jpreprints] mlr%ﬂ%r%r%rsﬁ%%%%ugh, headache fatigue, difficulty and losl;[gp ?ﬁﬁﬁ)ﬁ&%ﬂlp Iev ﬁ(’)vt%%%rf, ggfgniﬁcant

fever, , breathing, [
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In summary, while COVID-19’s acute phase may result in mild to severe symptoms, the potential for long-term
health

As of March 2025, while global COVID-19 mortality rates have significantly declined, accurate and timely
deagaiosisrucial to interrupt transmission chains, especially since no universally effective treatment has been
ESlalishedetection is vital to control the spread of the virus. Traditional diagnostic methods, such as serologic
haregtimitations, including low sensitivity and longer processing times. Consequently, there has been a concerted
tdfdevelop faster and more accurate diagnostic assays 9

[

]. The paper is an overview of the existing COVID-19 patient supportive
related challenges, and possibletsohugdmgids?]. A study of COVID-19 by detecting when people are not wearing
fnasks [13]. Scientists are using CT-scan andaXiahy images as a complementary screening method for COVID-
diagnosis 14195, 16, 17, 18, 19]. Recently, researchers studied the transfer learning approach using pre-trained
[earning architecture 20, 21]. THeegpudy 22, 23] represents the COVID-19 diagnosis with X-ray images dataset
fesulted in accuracy of 95.7%, with sensitivity 0A880% and specificity of 95.80% with a small number of
paiaatsers

3 THE PROPOSED

SYSTEM
3.1 COVID-19 Diagnesis Using Deep
Learning
The report describes the implementation of a supervised classification neural network system based on deep
teahniigges using different medical imaging modalities such as Computer Tomography (CT) and X- This
eayplains the systems developed for COVID-19 diagnosis using deep learning We propose anreport

intthigerssystem for distinguishing COVID-19 patients from normal patients based on cheatdmayiand CT-scan
06AWdE)-19 patients can be expeditiously identified using our system, which reads the image structure
predintsrivicdsdy, patterns to recognize patients, and does not require external instructional pre-processing.
findingsabbtained from 6259 total images of patients collected using CT-scan and X-rays show that 4651 images

beloapyID-19 and 1608 images belong to normal Our proposed system can detect and
jpadgresyith an accuracypafients. Using generated datasets from rebdssiéyld we have trained and
eur73Hposed achieving predictisms with a mean accuracy ranging from 90% to tested Healthcare

inethipdrated Al in seveil. ZB®4s, such as disease diagnosis. One of the most significant advantages of Adsis that it

berimplemented within a highly trained model to classify complex images. In 2012, a breakthrough ML system
https://preprints.jmir.org/prepst/ 75015 [unpublished, non-peer-reviewed preprint]
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Figure 1: MODEL ARCHITECTURE DEEP LEARNING-BASED COVID-19
DETECTION

vEE
19

deep learning was introduced, which relies on convolutional neural networks (CNN). The CNN won the
bhaagidiation competition for computer vision. Deep learning algorithms enable computational models composed
ofultiple processing layers to search for data representation through several hidden layers. The deep learning
maode¢ trained to perform tasks from audio, video, image, or In this study, we focus on the image binary
wdassification model using deep learning Deep learning wiadels feature high accuracies and can
hudandeutput in specific instances. X-ray machines irsgplighg or radio waves as radiation to examine the affected
phitise body due to cancers, lung diseases, bone dislocations, and injuries 24]. Furthermore, CT scans, which
pophisticated X-ray machines, are used to examine the soft tissues and organs of agtive body parts. The advantages
ufing X-rays over CT scans are that X-rays are quicker, safer, simpler, and less harmful than CT scans. A CNN-
bueddl was used to detect COVID-19 patients using 6259 chest X-ray images, of which 4651 belong to COVID-

patients and 1608 belong to healthy The images were resized to 150x150 The study evaluated
pa¥plenodels—ResNet-50, VGG16, and VG@iLelsusing a 70%-30% cross-validation and népeeted that ResNet-
gohieved the highest detection accuracy They collected two datasets: the first dataset contained chest X-

{889s in 3 folders, with the first training set haviag 1341 non-infected patients and 3875 infected patients, the
tesiomg set having 234 non-infected patients and 390 infected patients, and the third validation set having 8 non-

pafttensd and 8 infected The second dataset contained chest CT-scan images in a folder, with a total of
peatieinfected and infected patient§09
[25].
3.2 Data
Collection

Dataset Two kinds of datasets were employed within the evaluation, the initial dataset (without augmentation) and
dugmented dataset, which are summarized in Table. The dataset contained the

following:
+ COVID-19 X-ray images Chest X-ray all images performed as an element of patients’ routine clinical

alrehest radiographs were initially screened for control for quality or unreadable chest radiographs.
€Wy} 9 X-ray images dataset could also be a database of COVID-19 cases with chest X-ray or CT
whagescontains COVID-19 cases.

. Bfidst X-Rays in Patients with Pneumonia The dataset contains subfolders for each image category
(Roeia/Normal). There are 6259 chest X-ray images, 4651 of which belong to COVID-19 patients and thus
68 belong to healthy people. [27]

[28]

3.3 Exploratory Data Analysis

EDA
Explo(ratory)data analysis (EDA) used to explore the formal modelling of dataset and hypothesis analysis using
teatindigaés. EDA provides the better understanding of dataset variables and relationship between them. With the help
BDA, data scientists can ask right questions to stakeholders and find answers using standard deviations,
varegldcahd confidence intervals. We can create graphs and visualize high-dimensional dataset, summary of
data.

3.4 Data

Exploration
Data Exploration defines to the primary stage to analysis the dataset using visualization and statistical methodologies.

flescribes characteristics of data like, size, quantity, accuracy of data. In data exploration, we collect increasing

efndatar investigate the current world requirement around that data and build application to handle the
https://prepri nts.jﬁ?gﬁ&lﬂrepri nt/75015 [unpublished, non-peer-reviewed preprint]
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3.5 Data Pre-

Processing
we used multichannel information processing technique for image pre- Pre-processing is a method
prumessing the quality of an scanned images contain a lot of irrelevant of The raw scanned
ooHgeted datasets do not give valuablieformatiolhe pre-processing involves the image conversigageesizing of
result. image,
Data Augmentation technique used to handle overfitting in deep learning With Data Augmentation, we
emddelce the size and quality of datasets. The geometric transformation, color spacimgnfeature space, and kernel
filecseme of the techniques involved in data This technique increases performance generalization
aogipberaviciG-16, VGG-19, and ResNet-50 deep learning moflel
architecture.

 geometric transformation In this method, we applied rotations and flips on image
. dBidur space colour space method, to change the intensity values and light alterations in

- F48iFe space Feature spaces involve handling the features like, noise injection, crop images, rotation
ghages, translation and shifting image to left, right, up or down

- R%iHePfilters Sharpen and blur the images are popular techniques to apply the kernel filtering
methods.

3.7 Data

Regularization
Regularization methods are responsible to handle overfitting in the model. Dropout Regularization, batch

acafedizaclomques, which we describe
following:
* Dropout Regularization In this method we reduce neurons values to zeros during the training process
ofodel. In this our model force to learn more robust features to train the

. ﬁ‘:?fm‘normalization It is a regularization method, which normalizes the set of activations. In this methoc
subtract the batch mean of activation and divide the resulted value by batch standard
deviation.

3.8 Data

Labelling
In the process of label encoding, labels are converted into numeric data so they can be converted into machine-
deddablachine-learning algorithms then determine what to do with those labels. COVID-19 was encoded as 1,

IWhemeakwas encoded as
https://preprints.jmir.org/greprint/75015 [unpublished, non-peer-reviewed preprint]
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3.9 Image

Normalisation
It’s a process in image processing where pixels’ intensity values are altered so that their range can be more familiar

pormal to the senses. "Normalization" is the term used to describe this

process.
3.10 Data Partition using Cross
Validation

In this experiment, the dataset is divided into a proportion of 80%, 10%, and 10% for training, testing, and
vedjpéatioely using scikit-learn train test split method. DL models can be evaluated using cross-validation by

sesaiagDL models on parts of the input file and evaluating them on the other Cross-validation can be used
parect overfitting, i.e., failure to generalize a to
pattern.
3.11 Image
Visualisation

A process of converting (rendering) image pixel into 2D graphical representation using Matplotlib. As the
pevediypes and perceives information, the visualization is important for conveying the information effectively. We
tlse automatic visualization methods to write visualization queries, like data lake. This includes data discovery,
ihegration and data We can use visualization for data debugging and explore wrong data sources,
phramiegers, wrong visualizatiomwrong

queries.

3.12 Feature Extraction from

Images
Feature Extraction is useful method in image classification model. In this method, we transform the image data to

fhature set. We can apply feature extraction after pre-processing of images. this process has two

parts:
» Feature Selection Feature selection can be applied on images which contains different features in each

Hasymits limited number of class and

- 83%8Hication We use feature vectors to classify the images by exploring the existing Template
amatdbadgrmable of Transform the Unitary of graph projection of
pooifplasegoning, histograms, gedmegeds moment invariants, Fourierddsseippions, Zernikeohfoments,
Spiueeapproximation, Gradient feature, and Gabor
features.

3.13 Load the Pre-trained Model

AVE&’f&“ and VGG19 VGG16 and VGG19 are convolutional neural network (CNN) These
architectures.have small 3x3 convolution filters, and A stride to achieve high accuracy on image
appijgrations. There is different implementation in the depth of convolutional, max-pooling and fully
tayaractetiereas, VGG16 having 16 layers in the base model and VGG19 having 19 layers

. ReédNet50 ResNet50 was designed to handle vanishing gradient problem in deep neural networks by
skipections between the layers called residual learning. This architecture is more efficient to train and
dHeper networks to design impactful and accurate model with 50 layers of residual learning

[29].
3.14 Model
Selection
In this process, we optimized the hyperparameters of deep learning

models:
» Learning Rate = 0.01 to

. %Qt%ﬂlsize =8to

. ﬂﬁopout =0.2to
https://preprints.jmir.org/prgpgint/75015 [unpublished, non-peer-reviewed preprint]
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We applied different combinations of hyperparameters on three model VGG-16, VGG-19 and ResNet-50. And
theowbulted precision, recall, accuracy and F1-score along with accuracy and loss curves and confusion matrices
forther analysis. We repeated model training for learning rate between 0.01 and 0.0001, batch size varied between ¢
16 and Dropout between 0.2 to 0.5 range. We tried different number of epoch to handle overfitting. We realized
there complex model exhibiting a higher training metrices

deviation.

3.15 Compile the

Mﬁgghlarization is a technique to combat overfitting, a phenomenon where we fit our training data more
thesedyir underlying During this experiment, you might have noticed that if you changed
disadhstimeture or the hyperparamgters, the model eventually closes the gap between the training and test
wdth enough neurons, layers, and training

. W@&%ewing to the difference between training error which calculates on training dataset and
gomerathiatida expected error from model. we can never calculate the generalization error exactly. The
iedbanhthe stream of infinite data is a hypothetical object. For example, consider the black and white
hBages.

4 EVALUATIO

The objective of this experiment to analyse CT-scan and X-rays chest images to identify the abnormal (COVID-19)
frormal (healthy) person chest using Deep learning CNN-based pre-trained networks VGG-16, VGG-19 and
RBENhased networks VGG-16, VGG-19 and ResNet50 were trained and validated for each repeated cross-
eapedtivmt using different partitions of the dataset, producing total of 15 learning curves (Loss/Accuracy vs
Npamaber) confusion matrices for each To analyze further statistically significant difference in the
performaneamfeDeep Learning models, we applied¢hallcross validation using the Scikit — learn python library
emdluated performance on basis of Accuracy, Precision, Recall and F1-score. Table 1 and Table 2 includes the
ebtalsed with the CNN-based models VGG-16, VGG-19 and ResNet50 with different hyperparameters. We can
tiateallethree the VGG-16, VGG-19 and RestNet-50 model achieved the similar accuracy 97.73%, sensitivity
gpesidjcity 93.33% and F1-score 98.00% with the different combinations of hyperparameters for instance,
BesNetbePo accuracy with 0.001 learning rate, 100 epoch, 0.5 dropout and batch size 16. Whereas VGG-16 got
semuacy with different hyperparameters values. VGG-19 shows accuracy on 93.18%, Sensitivity 93.10%,
9pei3biciand F1-score on 95% with learning rate 0.001, 50 epochs, 20% dropout rate and batch size This
Bicreasing accuracy on 95.45%, Sensitivity 96.55%, Specificity 93.33% and F1-score on 97% with learnimgodét
Bmepachs, 20% dropout rate and batch size 8. VGG-19 increasing accuracy 97.73% with the small (0.0001) and
(>A03) learning rate values, dropout rate 50% and batch size 8 and 16. In the ResNet-50 with the learning rate
6@epachs, 20% dropout rate and batch size 8 the accuracy 90.91%, Sensitivity 86.21%, Specificity 100.00%
Eidscore on 91%. Then Sensitivity increases to 93.10% with the learning rate 0.001, 100 epochs, 50% dropout rate
batth size 8 the accuracy 93.18%, Specificity 93.33% and F1-score on 93.33%. In the 4th iteration for ResNet-50
gat increased accuracy 95.45%, Sensitivity 96.55%, Specificity 93.33% and F1-score on 93.33% with the learning
ta0001 and 0.001, 50 and 100 epochs, 20% and 50% dropout rate and batch size 8. As per the observation, VGG-1¢
imnderfit the result and showing the same accuracy, sensitivity, specificity, and f1-score with the various
obmbinations If we increase the dataset size VGG-16 might improve the Whereas VGG-
Ingrepsasamaetuiacy fropei9ori@ncde 95.45% and finally reached on 97.73% accuracy rate. Similarly] ResNet-50
theprogressive result with hyperparameter tuning it increases accuracy rate from 90.91% in 1st iteration, 93.18%
Bnd iteration, 95.45% in 3rd and 4th iteration and achieved 97.73% accuracy in 5th

iteration.
5 CONCLUSION AND FUTURE
WORK

5.1 Conclusio

n

Using Deep Learning CNNs, pre-trained networks like VGG-16, VGG-19 and ResNet50 and CT-Scan and X-
Bhgst images, this experiment aimed to determine abnormal (COVID-19) from normal (healthy) chest using CT-
goahX-ray chest images. The CNN-based networks VGG-16, VGG-19 and ResNet50 were trained and validated
tiaoh a different partition of the dataset was used, carrying out 15 repeated cross-validation experiments and
poodusiog matrices (Loss/Accuracy vs Epoch Number) for each model. To investigate further the statistically
digfefépmetbetween Deep Learning models, we used cross validation and evaluated their accuracy, precision, recall,
kdscore. With various hyperparameter combinations, VGG-16, VGG-19, and RestNet-50 all achieve 97.73%
400%agensitivity, 93.33% specificity and 98.00% F1- Thus, ResNet50 achieves 97.73% accuracy with

https://preprints.jmir.orglgrgppint/ 75015 0.001 [unpublished, non-peer-reviewed preprint]
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Learning rate 0.0001, epochs 50, dropout 0.2, batch size 8

Figure 4: the accuracy graph vs number of epochs, the loss graph vs number of epochs and the performance
andlaatifision matrix for each model with the 80%-20% cross -validation, with learning rate 0.0001, epoch 50,
Ardpadtbatch size

8

Learning rate 0.001, epochs 50, dropout 0.2, batch size &

Figure 5: the accuracy graph vs number of epochs, the loss graph vs number of epochs and the performance
andlaatifirsion matrix for each model with the 80%-20% cross -validation with learning rate 0.001, epoch 50,
Ardpodtbatch size

8

Learning rate 0.0001, cpochs 100, dropout 0.5, batch size 8

pecifi

Figure 6: the accuracy graph vs number of epochs, the loss graph vs number of epochs and the performance
andlaatifission matrix for each model with the 80%-20% cross -validation with learning rate 0.0001, epoch 100,
Arbpaodt batch size

8

https://preprints.jmir.org/preprint/75015 [unpublished, non-peer-reviewed preprint]
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100
0.0001 50 0.2
0.9773 1.00 0.933 0.98
0.9773 1.00 0.933 0.98
VGG16 0.9773 1.00 0.933 0.98
0.9773 1.00 0.933 0.98
0.9773 1.00 0.933 0.98
0.9545 0.9655 0.9333 0.97
0.9318 0.9310 0.9333 0.95
VGG19 0.9773 1.00 0.933 0.98
0.9773 1.00 0.933 0.98
0.9773 1.00 0.933 0.98
0.9091 0.8621 1.000 0.91
0.9545 0.9655 0.9333 0.95
ResNet50 0.9545 0.9655 0.9333 0.95
0.9318 0.9310 0.9333 0.9333
0.9773 1.00 0.933 0.98
Table 2: Model performance

metrics

learning rate, 100 epoch, 0.5 dropout and batch size 16. VGG-19 achieved accuracy 97.73% with the small
@00o1nal (0.001) learning rate values, dropout rate 50% and batch size 8 and The VGG-16 showed the
aécuracy, sensitivity, specificity, and f1-score for the various combinations of hyperpazameters, whereas the
dilarst. Accordingly, VGG-16 is underfitting and showing the same accuracy, sensitivity, specificity, and f1-score.
tontrast, VGG-19 increases accuracy from 93.18% to 95.45% and finally reaches an accuracy rate of 97.73% when
imerease the dataset size. In the same way, ResNet-50 demonstrates incremental gains as a result of
hypegiatweracearacy rate increased from 90.91% in the 1st iteration to 93.18% in the 2nd iteration, 95.45% in the
3nd 4th iterations and 97.73% in the 5th iteration. Using the enhanced deep learning models as a starting point, we
ahdeeto build an effective model that incorporates the features derived from those models. In the future, as part of
maearch, we will investigate multi-class classification to separate images from datasets that contain patients with
hroplems caused by various illnesses such as tuberculosis, AIDS, COVID-19, etc. Our plan is to work on this issue
aooperation with doctors in

hospitals.
5.2 Future
Work

The experiments were carried out on an open access dataset of CT-scan and X-rays of COVID-19, healthy people
Wislgeslarger dataset we can develop a fine-tuned version of the evaluation techniques. In the future, a classificatior
towlned on a huge dataset of hundreds or even thousands of patients will be needed to validate the generalization
afiy automated diagnostic assistant tool. In the future, we will collect the dataset with different lung diseases CT-
goghX-rays images and applied multi class classification model to identify COVID-19 and other lung diseases

Hiasddy, we are currently working on decreasing the false positives and enhancing our calibration
https.//preprints.jmi r.org/fggﬁﬂﬂwggﬁ [unpublished, non-peer-reviewed preprint]
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Learning rate 0.001, epochs 100, dropout 0.5, batch size 8

Figure 7: the accuracy graph vs number of epochs, the loss graph vs number of epochs and the performance
andlaatifission matrix for each model with the 80%-20% cross -validation with learning rate 0.001, epoch 100,
Arbpaodt batch size

8

Learning rate 0.001, epochs 100, dropout 0.5, batch size 16

Figure 8: the accuracy graph vs number of epochs, the loss graph vs number of epochs and the performance
andlaatifiusion matrix for each model with the 80%-20% cross -validation with learning rate 0.001, epoch 100,
tropaodt batch size

1
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