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Abstract—In the very recent past, Infectious disease-related
sickness has long posed a concern on a global scale. Each
year, COVID-19, pneumonia, and tuberculosis cause a large
number of deaths because they all affect the lungs. Early
detection and diagnosis can increase the likelihood of receiving
quality treatment in all circumstances. A low-cost, simple imaging
approach called chest X-ray imaging enables to detection and
screen lung abnormalities brought on by infectious diseases
for example Covid-19, pneumonia, and tuberculosis. This paper
provided a thorough analysis of current deep-learning methods
for diagnosing Covid-19, pneumonia, and TB. According to the
research papers reviewed, Deep Convolutional Neural Network
is the most used deep learning method for identifying Covid-
19, pneumonia, and TB from chest X-ray (CXR) images. We
compared the proposed DNN to well-known DNNs like Efficient-
NetB0, DenseNet169, and DenseNet201 in order to more accu-
rately assess how well it performed. Our findings are equivalent to
the state-of-the-art, and since the proposed CNN is lightweight, it
may be employed for widespread screening in areas with limited
resources. From three diverse publicly accessible datasets merged
into one dataset, the suggested DNN generated the following
precisions for that dataset: 99.15%, 98.89%, and 97.79% for
EfficientNetB0, DenseNet169, and DenseNet201 respectively. The
proposed network can help radiologists make quick and accurate
diagnoses because it is effective at identifying COVID-19 and
other lung contagious disorders utilizing chest X-ray images.
This paper also gives young scientists a good insight into how
to create CNN models that are highly efficient when used with
medical images to identify diseases early.

Index Terms—Lung Disease, COVID-19, Pneumonia, Tubercu-
losis, X-ray Image

I. INTRODUCTION

Deep learning models have recently become a potentially

beneficial tool in healthcare for diagnosing disorders, such

as lung ailment which is the focus of this work. Deep

learning models have shown encouraging results in assessing

different medical problems [1]. The healthcare industry is

able to perform data analysis at breakneck speeds without

sacrificing accuracy as a result of this capability [2]. CNN is

a deep learning approach often employed to interpret medical

images for fast and accurate decision-making. The goal behind

medical image analysis is to aggregate medical images to

create a CNN evaluation that can differentiate between chaos

and relevant clinical results [3]. COVID-19 has resulted in

the application of deep learning in several contexts. This

includes the capacity to anticipate overall instances as well

as identify COVID-19 through coughing noises or visual data,

which includes X-rays or CT scans [4]. In December 2019,

the initial COVID-19 verified incidence was found in Wuhan,

which is located within the Hubei region of China, From there,

this virus began to spread to other nations all over the world

[1]. The virus which is causing Covid-19 and spreading the

sickness is named SARS-CoV-2 virus. Most infected people

simply develop a mild respiratory infection and heal without

treatment. However, a few people will develop serious illnesses

and need prescribed treatment. Older adults or those with

diabetes, coronary heart conditions, respiratory infections, or

cancer have an increased risk of having a serious medical

condition than younger people without these problems [5].

Fast diagnosis of COVID-19-infected persons and specialized

care and therapies are the most effective ways to tackle

the outbreak. RT-PCR is often used to diagnose COVID-19,

however, this becomes resistant to such virus in its initial

phases, resulting in further viral propagation [6]. Chest X-

ray pictures and Computed tomography scanners are the most

reliable methods for identifying patients exhibiting signs of

pneumonia because the test kit is pricey and hard to come

by [1]. A radiographic investigation, adequate microbiological

problems, and clinical awareness are all necessary components

in the diagnostic process for lung infection [7]. In addition

to reviewing the patient’s symptoms when they arrive at a

medical facility, a number of diagnostic procedures, including

X-rays, are performed. The state of the lungs and the pro-

gression of the disease can be more precisely evaluated using

X-ray pictures.

The major contributions of the presented manuscript are:

• Those suggested models are capable of classifying lung

diseases for testing data with tremendous results.

• The proposed model is regarded as the result of a Deep

Convolutional Neural Network(DCNN).

II. LITERATURE REVIEW

Mehta & Mehendale [8] gathered 1229 images from

COVID-Mild, COVID-Medium, COVID-Severe, Normal,

Pneumonia, and Tuberculosis categories. cGAN was used to

increase the number of pictures, and ResNet50, Xception,

and DenseNet-169 were trained to correctly classify them.

Training and validation accuracy was 98.20% and 94.21%,
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respectively. Test accuracy was 93.67% for the model. Khan

et al. [3] recommended using CoroNet to find COVID-19

on chest X-rays. The model was trained with ImageNet

and 1300 COVID-19 and chest pneumonia X-rays from two

public datasets. CoroNet acquired an accuracy of 89.6% for

four classes (COVID vs Pneumonia bacterial vs pneumonia

viral vs normal patients) and 95% for three classes (COVID

versus Pneumonia versus normal cases). Abiyev & Ismail [1],

suggested two distinct CNN models. The first model was

trained on pneumonia patients and normal CXRs. The second

model was trained with COVID-19, pneumonia, and normal

2nd Chest Xray pictures. The model achieved 98.3% accuracy,

97.9% recall, 98.3% precision, and 98.0% F1 score.

Yoo et al. [9] used a decision tree classifier that leverages

deep learning to locate COVID-19 in CXR images. First, CXR

images were divided into normal and pathological. The 2nd

tree found anomalous TB images, while the 3rd tree did so

for COVID-19. The 1st and 2nd decision trees were 98% and

80% accurate, accordingly. The 3rd tree was 95% accurate.

Subramaniam et al. [10] suggested a preprocessing and classi-

fication technique for identifying lung diseases. X-ray images

were segmented using HOG, Haar, and LBP. Preprocessed X-

rays identify normal, COVID-19, and pneumonia better than

raw images. They employed VGGNet, AlexNet, Resnet, and

a DNN to classify respiratory diseases. Findings suggest that

DNN outperforms other classification models.

Venkataramana et al. [2] employed a multistage classifica-

tion system on chest X-rays to help doctors make more ac-

curate diagnoses of tuberculosis and pneumonia. Tuberculosis

and pneumonia classification accuracy was 97.4% and 88%

after training. Multilevel classification improves accuracy by

8-10% over current methods. Marginean et al. [4] discovered

COVID-19 changes in chest X-rays using parabolic and hy-

perbolic CNNs and transfer learning. They trained parabolic

and hyperbolic networks on normal and pneumonia images to

tell COVID-19, pneumonia, TB, and normal apart. Comparing

COVID-19 network adaptations they concluded Quantitative

and qualitative studies show more trustworthy networks.

Chen [11] created an accurate classification strategy for

detecting COVID-19 viral patterns using chest x-rays and

HOG feature extraction. The recommended system employs

Cohen’s dataset, which comprises 60000 photographs and

400 positive chest x-ray images of covid-19. The proposed

approach works effectively with minimal COVID-19 data and

finds unique input features inside classes. Alakus & Turkoglu

[12] combined deep learning and lab data to develop clinical

predictive models to estimate COVID-19 disease risk. The al-

gorithms’ accuracy was proven using 10-fold cross-validation

and train-test split approaches on 18 lab data from 600

patients. Experiments demonstrate that their prediction models

can find COVID-19 disease with 86.66% accuracy, 91.89%

F1-score, 86.75% precision, 99.42% recall, and 62.50% AUC

score.

Horry et al. [13] used transfer learning from deep learning

models for detecting COVID-19 in X-Ray, Ultrasound, and

CT scan images. The chosen VGG19 model detects COVID-

19 against pneumonia or normal for all three lung imaging

methods with 86% accuracy for X-Ray, 100% for Ultrasound,

and 84% for CT scans. Mahbub et al. [14] developed a

lightweight (9-layered) DNN to identify lung disorders using

chest x-ray images caused by Covid-19, Pneumonia, and

Tuberculosis. The recommended deep learning network was

99.87% accurate in the Covid-19 vs healthy dataset, 99.55%

in the Pneumonia dataset, and 99.76% in the Tuberculosis

dataset. Non-healthy CXR screening accuracy was 98.89% for

Covid-19 vs Pneumonia, 98.99% vs tuberculosis, and 100%

vs Pneumonia.

Mamalakis et al. [15] developed DenResCov-19 using chest

X-ray images to detect COVID-19, pneumonia, TB, and

healthy patients. They tested their proposed network on two-,

three-, and four-class classification issues (COVID-19 positive,

healthy, pneumonia, and TB). Findings suggest that AUC-

ROC is 99.60%, 96.51%, 93.70%, and 96.40% for Datasets

DXR1, DXR2, DXR3, and DXR4. M. Zak and A. Krzyżak

[6] used VGG16, ResNet-50, and InceptionV3 for lung disease

categorization. They created a pipeline to isolate CXR pictures

before classification and compared it to current frameworks.

They tested their methods on Shenzhen and Montgomery lung

disease datasets. InceptionV3 model tied with top Shenzhen

response while being cheaper.

Bharati et al. [17] created a hybrid deep learning system

which is a combination of VGG, data augmentation, and

STN. They used a dataset of chest X-rays collected from

Kaggle’s NIH. VDSNet’s full dataset validation accuracy is

73%, whereas vanilla gray, vanilla RGB, hybrid CNN and

VGG, and modified capsule network are 67.8%, 69%, 69.5%,

and 63.8%. ResNet50 and DenseNet were employed by Anitha

et al. [18] to diagnose lung illnesses. The accuracy rates for

the ResNet50 and DenseNet models are encouraging: 86.67

and 98.33%, respectively. Deng et al. [19] recommended using

MobileNetV2 to predict lung illnesses from frontal thoracic X-

rays. Using the NIH Chest-Xray-14 database, they compared

their technique to other cutting-edge classification methods.

They got an average AUC of 0.811 and an accuracy of around

90%. Magrelli et al. [20] trained four deep-learning models to

identify bronchiolitis and pneumonia in babies. They collected

5,907 photographs using a public dataset and worked on the

disease in two sections. They employed VGG19, Xception,

Inception-v3, and Inception-ResNet-v2 algorithms and got

accuracy with 92.25%, 95.25%, 93.5%, and 97.75%.

III. RESEARCH METHODOLOGY

Figure 1 shows the working procedure of this research,

starting with data collection and then dataset ready and so

on.

A. Data Collection

In this study, we used three publicly available dataset of

chest x-ray images from mendeley data [21], IEEE Data-

port [4], covid-chestxray-dataset [22] to classify images of

covid-19, tuberculosis, pneumonia and healthy classes. We’ve

created a dataset by combining collecting data from various

2
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Fig. 1. Working Procedure Diagram

sources and produce a final dataset with 4 classes which

are Covid-19, Pneumonia, Tuberculosis and Normal. Here are

some sample images of those classes –

Fig. 2. Sample images from dataset

B. Data Preprocessing

To increase the model precision, it is essential to preprocess

the clinical data in order to retrieve the relevant info and

eliminate any extraneous information [23] . Our data collection

contains images of varying sizes, posing a difficulty for

training purposes. As a result, we have altered the proportions

of the image to (224,224). All photos are converted to RGB

and jointly analyzed for different models. We rescaled the

images and changed the class mode to categorical because

none of the images in our dataset were scaled.

C. Data Augmentation

The issue of insufficient information can be remedied by the

use of an alternative method known as data augmentation. In

our dataset we applied specific picture modifications, 3 channel

color photos and tagged them in the data pre-processing phase

(RGB). We were therefore capable of training the dataset using

higher-quality photos and see improved performance [24].

We have also used flipping two times, shuffle, resizing and

converted our images mode to categorical in order to achieve

the desired results.

D. Fine Tuning

A procedure that is frequently referred to as ”fine-tuning”

may be used to improve the functionality of a function. A

few very few changes that are performed at various points

along the process improve the final product. We repeated the

fine-tuning procedure several times and tested a wide range of

alternative parameter values since we wanted our model to be

as accurate as possible. Table I provides an overview of the

factors that can be changed during those processes and lists

the training and adjustment techniques that produce the best

outcomes.

TABLE I
MODELS FINE TUNING WITH PARAMETERS

Parameter Value
Batch Size 30

Steps Per Epoch 50
Epoch 30

Optimizer Adam, Adamax
Activation Function Softmax, Relu

E. Model Implementation

In order to determine the model that would be best for our

research, we concentrated on models that are mostly used,

are suitable for transfer learning, and are readily available

in packaged form from trustworthy public libraries such as

Keras. As a result, we examined only representations of the

essential models applicable to this field, as will be detailed

in greater detail below. All of these models are conveniently

accessible via the Keras Application Programming Interface

(API), and they all support transfer learning [25] by enabling

the pre-application of ImageNet [26] weights to the model.

1) EfficientNetB0: Instead of being designed by engineers,

the EfficientNet-B0 architecture was created by the neural

network itself. They arrived at this model by searching for a

multi-objective neural network that simultaneously maximizes

accuracy and optimizes floating-point operations. The authors

created a full family of EfficientNets, ranging from B1 to B7,

with B0 acting as the series’ foundational model. B0 is an

easily transportable architecture with eleven million trainable

parameters [19]. Unlike other kinds of DCNNs, EfficientNetB0

scales each dimension using a specified set of scaling param-

eters. This technique considerably outperformed earlier state-

of-the-art models that were trained on the ImageNet dataset

[27]. Figure 3 illustrates the architecture of EfficientNetB0.

2) DenseNet169: The Densenet-169 model, constructed by

G. Huang et al., won the 2017 ImageNet competition [28].

The feature maps of every layer after it in Densenet receive

data from all layers before it. Each layer collects data from the

hierarchy above it. Because each layer collects feature maps

from all layers before it, the network may be more compact

and have fewer channels and hence improving computational

and memory efficiency. The Densenet-169 architecture is

shown in Figure 4.
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Fig. 3. Architecture of EfficientNetB0

Fig. 4. Architecture of DenseNet169

3) DenseNet201: DenseNet201’s architecture makes it pos-

sible to build models that are easy to build and understand.

Reusing features across levels improves the architecture’s

parameters and allows the following layers to have a bigger

variety of functions and better performance. A feed-forward

system links one layer of the design to the next. Additionally,

the DenseNet201 model has a bottleneck structure and a pool-

ing layer. If the model is simplified and the number of property

components is reduced, this architecture may perform better

[28]. Figure 5 displays the architecture of EfficientNetB0.

Fig. 5. Architecture of DenseNet201

F. Model Training

In this experiment, the TensorFlow framework has been im-

plemented for training purposes. Utilizing Adam and Adamax

[29] optimizers has allowed for greater optimization. To in-

crease memory consumption, we trained the DenseNet-201,

DenseNet-169, and EfficientNetB0 models with a total of 30

distinct batch sizes including model fine-tuning.

IV. RESULTS AND DISCUSSIONS

To accomplish our experimental study, we choose three lung

diseases and a healthy lung class to implement the transfer

learning model. They are Covid-19, Pneumonia, Tuberculosis,

and Normal or healthy lungs. We have implemented three(3)

pre-trained transfer learning models and they are EfficientB0,

DenseNet169, and DenseNet201.

The initial step we followed is to image acquisition. To

train the model several steps are constructed as image pre-

processing run to resize, filter, image augmentation, and so

many others. We utilized a total of 6340 images for the entire

experiment while we divided our data into three sections with

an 80:15:5 ratio where 5072 images has been used to train

the model and 951 images were used for the testing model to

predict and 317 for validation to classify the diseases.

For the performance measure of the applied three-transfer

learning model, we evaluated the confusion matrix [30] for

each class which is an effective way to find the appropriate

model for the classification task. The confusion matrix for

three applied three models is presented in Figure 6.

After that, for the class-wise performance of three

models, The True-positive (TP), False-negative(FN), False-

positive(FP), and True-negative(TN) are also considered in

regard of find an optimal model for this study and we also

computed other performance measurements such as accuracy,

precision, recall, TPR, TNR, FPR, FNR, and f1 score to find

out the best model.

Fig. 6. Confusion matrix for (a) EfficientB0, (b) DenseNet169 and (c)
DenseNet201.

A. For EfficientNetB0

Figure 7 represents the accuracy and loss graph for the

EfficientNetB0 model which indicates minimal validation loss

occurred in the 30th epoch and provide maximum validation
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accuracy in the 17th epoch. The outcomes of the Efficient-

NetB0 classifier’s class-by-class evaluation metrics are shown

in Table II for each disease class. It has been noted that

the classifier EfficientNetB0 attained the highest accuracy of

99% while classifying the Tuberculosis class. In comparison

to other classes, TPR, FNR, FPR, TNR, precision, and F1

Score for the Tuberculosis class are, 10.20%, 0%, 0%, 88.96%,

100%, and 100%, respectively.

Fig. 7. Training & Validation Loss and Training & Validation Accuracy for
EfficientNetB0

TABLE II
CLASS-WISE PERFORMANCE METRICS FOR EFFICIENTNETB0 MODEL

Model Class Precision Recall F1-Score Accuracy

EfficientNetB0

Covid-19 1.00 0.99 0.99

0.99
Normal 0.99 0.97 0.98

Pneumonia 0.99 1.00 0.99
Tuberculosis 1.00 1.00 1.00

B. For DenseNet169

Figure 8 represents the accuracy and loss graph for the

DenseNet169 model which indicates minimal validation loss

occurred in the 30th epoch and provides maximum validation

accuracy in the 30th epoch. The outcomes of the DenseNet169

classifier’s class-by-class evaluation metrics are shown in

Table III for each disease class. It has been noted that the

classifier DenseNet169 attained the highest accuracy of 99%

while classifying the Tuberculosis class. In comparison to

other classes, TPR, FNR, FPR, TNR, precision, and F1-Score

for the Tuberculosis class are, 10.20%, 0%, 0%, 88.65%,

100%, and 100%, respectively.

TABLE III
CLASS-WISE PERFORMANCE METRICS FOR THE DENSENET169 MODEL.

Model Class Precision Recall F1-Score Accuracy

DenseNet169

Covid-19 0.97 0.98 0.99
Normal 0.98 0.98 0.98 0.99
Pneumonia 0.99 0.99 0.99
Tuberculosis 1.00 1.00 1.00

C. For DenseNet201

Figure 9 represents the accuracy and loss graph for the

DenseNet201 model where it indicates minimal validation

Fig. 8. Training & Validation Loss and Training & Validation Accuracy for
DenseNet169

loss occurred in 25th epoch and provide validation maximum

accuracy in 19th epoch. The outcomes of the DenseNet201

classifier’s class-by-class evaluation metrics are shown in

Table IV for each disease class. It has been noted that the

classifier DenseNet201 attained the highest accuracy of 98%

while classifying the Pneumonia class. In comparison to other

classes, the TPR, FNR, FPR, TNR, precision, and F1 Score for

the Pneumonia class are, 60.88%, .42%, 1.48 36.91%, 98%,

and 99%, respectively.

Fig. 9. Training & Validation Loss and Training & Validation Accuracy for
DenseNet201

TABLE IV
CLASS-WISE PERFORMANCE METRICS FOR DENSENET201 MODEL.

Model Class Precision Recall F1- Score Accuracy

DenseNet201

Covid-19 0.93 0.99 0.96

0.98
Normal 0.99 0.98 0.98
Pneumonia 0.98 0.99 0.99
Tuberculosis 1.00 0.89 0.94

The outcome achieved by our suggested model is quite re-

markable. The levels of accuracy achieved by EfficientNetB0,

DenseNet169, and DenseNet201 were respectively 99.15%,

98.84%, and 97.79%. Table V shows the comparison between

our proposed model with other existing models to classify lung

diseases.
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TABLE V
COMPARATIVE ANALYSIS OF OUR PROPOSED MODEL WITH PREVIOUS

WORKS

Algorithms Accuracy (%) Dataset
Inception+ResNet V2 [31] 92.18% Public
VGG-19 [32] 98.75% Public
DeTrac [33] 95.12% Public
Xception+ResNet50 [ [34] 91.40% Public
ResNet50 [35] 98.00% Public
ResNet-152 + DenseNet-121 [36] 98.43% Public
Proposed 99.15% Public (3 Datasets Combined)

V. CONCLUSION

AI will usher in the fourth industrial revolution by enabling

us to write programs more quickly. AI will thus be the era of

the future. We won’t be able to come up with any fresh ideas

without AI. Everything will be automated with the aid of AI.

We employed DNN and image processing in our study, and

we believe that this will benefit those industries. Our research

helps us develop knowledge and skills in the field of artificial

intelligence while also advancing our grasp of deep learning

techniques. The study provides ideas on how to address various

image classification issues and extract characteristics from

image files. While conducting the research project, we faced a

number of challenges. Images need more time and complexity

to process than text or any other sort of data. High-end picture

file handling tools are therefore necessary, but they are also

rather expensive. It was challenging for us to collect these X-

ray images. It was challenging for us to identify and collect

validated data, so we used a variety of trustworthy sources. It

was quite difficult for us to process the obtained data and feed

the model without such inputs. To obtain excellent accuracy,

we had to analyze the accuracy of several models, which

required a lot of time.

This research will be expanded in order to create a web ap-

plication that will automate the disease identification process,

thereby saving both time and money. Using this technology,

physicians can examine the chest x-ray to determine if their

conclusion was accurate. It can only aid physicians in making

decisions; only an expert can make the final determination.

Patients can also use the tool to determine if they have Covid-

19, pneumonia, or Tuberculosis by downloading an X-ray im-

age. They merely need to follow the doctor’s instructions and,

after the application identifies pneumonia, take the appropriate

prescriptions. This strategy will aid in reducing the cost of

pneumonia treatment, allowing disadvantaged individuals to

receive adequate care at a reduced cost. It will alleviate some

of the doctors’ workload. This technique will allow doctors

to treat more patients for less money, which would benefit

everyone.
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[16] M. Zak and A. Krzyżak, “Classification of Lung Diseases Using Deep
Learning Models,” in Computational Science – ICCS 2020, vol. 12139,
V. V. Krzhizhanovskaya, G. Závodszky, M. H. Lees, J. J. Dongarra, P. M.
A. Sloot, S. Brissos, and J. Teixeira, Eds. Cham: Springer International
Publishing, 2020, pp. 621–634. doi: 10.1007/978-3-030-50420-5-47.

[17] S. Bharati, P. Podder, and M. R. H. Mondal, “Hybrid deep learning for
detecting lung diseases from X-ray images,” Inform. Med. Unlocked,
vol. 20, p. 100391, 2020, doi: 10.1016/j.imu.2020.100391.

[18] J. Anitha, M. Kalaiarasu, N. S. Kumar, and G. R. Sundar, “Detection
and classification of lung diseases using deep learning,” AIP Conf. Proc.,
vol. 2519, no. 1, p. 030001, Oct. 2022, doi: 10.1063/5.0109980.

6
Authorized licensed use limited to: New Jersey Institute of Technology. Downloaded on June 18,2023 at 12:52:29 UTC from IEEE Xplore.  Restrictions apply. 



[19] A. Borad, “Image Classification with EfficientNet: Better
performance with computational efficiency,” Medium, Jul. 10, 2021.
https://datamonje.medium.com/image-classification-with-efficientnet-
better-performance-with-computational-efficiency-f480fdb00ac6
(accessed Nov. 11, 2022).

[20] S. Magrelli, P. Valentini, C. De Rose, R. Morello, and D. Buonsenso,
“Classification of Lung Disease in Children by Using Lung Ultrasound
Images and Deep Convolutional Neural Network,” Front. Physiol., vol.
12, p. 693448, Aug. 2021, doi: 10.3389/fphys.2021.693448.

[21] D. Kermany, K. Zhang, and M. Goldbaum, “Labeled Optical Coherence
Tomography (OCT) and Chest X-Ray Images for Classification,” vol. 2,
Jan. 2018, doi: 10.17632/rscbjbr9sj.2.

[22] J. P. C. PhD, “ieee8023/covid-chestxray-dataset.” Nov.
12, 2022. Accessed: Nov. 14, 2022. [Online]. Available:
https://github.com/ieee8023/covid-chestxray-dataset

[23] S. M. Islam and H. S. Mondal, “Image Enhancement Based Medical
Image Analysis,” in 2019 10th International Conference on Comput-
ing, Communication and Networking Technologies (ICCCNT), Kanpur,
India, Jul. 2019, pp. 1–5. doi: 10.1109/ICCCNT45670.2019.8944910.

[24] A. Pramanik, Md. H. I. Bijoy, and Md. S. Rahman, “Detection of Pot-
holes using Convolutional Neural Network Models: A Transfer Learn-
ing Approach,” in 2021 IEEE International Conference on Robotics,
Automation, Artificial-Intelligence and Internet-of-Things (RAAICON),
Dec. 2021, pp. 73–78. doi: 10.1109/RAAICON54709.2021.9929623.

[25] T. Shermin, S. W. Teng, M. Murshed, G. Lu, F. Sohel, and M. Paul, “En-
hanced Transfer Learning with ImageNet Trained Classification Layer.”
arXiv, Sep. 19, 2019. Accessed: Nov. 11, 2022. [Online]. Available:
http://arxiv.org/abs/1903.10150

[26] J. Deng, W. Dong, R. Socher, L.-J. Li, Kai Li, and Li Fei-Fei,
“ImageNet: A large-scale hierarchical image database,” in 2009 IEEE
Conference on Computer Vision and Pattern Recognition, Miami, FL,
Jun. 2009, pp. 248–255. doi: 10.1109/CVPR.2009.5206848.

[27] M. Tan and Q. V. Le, “EfficientNet: Rethinking Model Scaling for
Convolutional Neural Networks.” arXiv, Sep. 11, 2020. Accessed: Nov.
11, 2022. [Online]. Available: http://arxiv.org/abs/1905.11946

[28] G. Huang, Z. Liu, L. van der Maaten, and K. Q. Weinberger, “Densely
Connected Convolutional Networks.” arXiv, Jan. 28, 2018. Accessed:
Nov. 13, 2022. [Online]. Available: http://arxiv.org/abs/1608.06993

[29] D. P. Kingma and J. Ba, “Adam: A Method for Stochastic Optimization.”
arXiv, Jan. 29, 2017. Accessed: Nov. 29, 2022. [Online]. Available:
http://arxiv.org/abs/1412.6980

[30] A. Rajbongshi et al., “Recognition of mango leaf disease using convo-
lutional neural network models: A transfer learning approach,” Indones.
J. Electr. Eng. Comput. Sci., vol. 23, pp. 1681–1688, Sep. 2021, doi:
10.11591/ijeecs.v23.i3.pp1681-1688.

[31] K. El Asnaoui and Y. Chawki, “Using X-ray images and deep
learning for automated detection of coronavirus disease,” J. Biomol.
Struct. Dyn., vol. 39, no. 10, pp. 3615–3626, Jul. 2021, doi:
10.1080/07391102.2020.1767212.

[32] I. D. Apostolopoulos and T. A. Mpesiana, “Covid-19: automatic detec-
tion from X-ray images utilizing transfer learning with convolutional
neural networks,” Phys. Eng. Sci. Med., vol. 43, no. 2, pp. 635–640,
Jun. 2020, doi: 10.1007/s13246-020-00865-4.

[33] A. Abbas, M. M. Abdelsamea, and M. M. Gaber, “Classification of
COVID-19 in chest X-ray images using DeTraC deep convolutional
neural network,” Appl. Intell., vol. 51, no. 2, pp. 854–864, Feb. 2021,
doi: 10.1007/s10489-020-01829-7.

[34] M. Rahimzadeh and A. Attar, “A modified deep convolutional neural net-
work for detecting COVID-19 and pneumonia from chest X-ray images
based on the concatenation of Xception and ResNet50V2,” Inform. Med.
Unlocked, vol. 19, p. 100360, 2020, doi: 10.1016/j.imu.2020.100360.

[35] A. Narin, C. Kaya, and Z. Pamuk, “Automatic detection of coronavirus
disease (COVID-19) using X-ray images and deep convolutional neural
networks,” Pattern Anal. Appl., vol. 24, no. 3, pp. 1207–1220, Aug.
2021, doi: 10.1007/s10044-021-00984-y.

[36] T. H. Rafi, “An ensemble deep transfer-learning approach to identify
COVID-19 cases from chest X-ray images,” in 2020 IEEE Conference
on Computational Intelligence in Bioinformatics and Computational
Biology (CIBCB), Via del Mar, Chile, Oct. 2020, pp. 1–5. doi:
10.1109/CIBCB48159.2020.9277695.

7
Authorized licensed use limited to: New Jersey Institute of Technology. Downloaded on June 18,2023 at 12:52:29 UTC from IEEE Xplore.  Restrictions apply. 

View publication stats

https://www.researchgate.net/publication/365945852


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


