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Abstract

Objectives: This research article’s principal objective is to improve and
create a fully automated methodology for the recognition and diagnosis of
infections in the lungs Computed Tomography pictures using pre-trained
neural network architectures. Methods: The proposed model have employed a
total 746 CT scan sample which is openly accessible, comprising 349 scans who
tested positive for COVID-19 and 397 scans that are either healthy or show
different respiratory illnesses. Convolutional neural networks (CNNs) with
four different architectures—InceptionV3, ResNet-50, Xception, and VGG19 are
employed and refined based on the intended objective. After then, in order to
increase performance metrics, an ensemble technique employing the Adam
optimizer have developed. Findings: These outcomes demonstrated the utility
of Artificial intelligence in identifying COVID-19 instances. When measured
against every other deep learning model the N-VGG-19 revealed an accuracy of
90%, indicating its better performance. Novelty: Using the Adamax optimizer
and data augmentation approach, The proposed method have contributed a
thorough assessment of many already trained neural network modules such
as ResNet50, InceptionV3, N-VGG19, and Xception.

Keywords: Artificial intelligence (Al); COVID-19; Convolutional Neural
Network; CT Scan; Deep Learning

1 Introduction

Global healthcare is seriously threatened by the coronavirus along with various versions,
which are still spreading around the world (V). Early diagnosis of this disease becomes
essential. The well-known symptoms of this virus are fever, dryhack, and fatigue.
Some of the patients may suffer with a sore throat, headache, loss of smell or test,
running nose ). The most common examination method for determining its identity is
reverse-transcription polymerase chain reaction (RT-PCR) testing ). Chest computer
tomography is nonetheless presumably more practical, quick, and trustworthy than RT-
PCR ™. With the use of chest computer tomography (CT) scans, it became possible to
identify the anatomical characteristics of lung lesions associated with the COVID-19.
Most of the hospital offers chest CT scans of COVID-19 patients, which can be useful
for early diagnosis of the disease®). But to evaluate the test results requires a radiology
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expert. Even an experienced radiologist also takes several minutes to analyse the CT images®). During the pandemic epidemic,
there is a significant dearth of competent radiologists, making it difficult to quickly identify patients who may be affected. In
the early, stage ground glass opacities are (GGO) common CT result”). Consolidation of air space occurs during the advanced
stage and broncho vascular thickening in peak stage ®). Recently, deep learning techniques have made significant advances in
healthcare data analysis as well as automation due to their capacity to extract helpful information from available datasets ).
There are especially trained architectures present in deep learning that categorize inputs into the many categories needed by
users!?, They are used in the medical profession to identify cardiac abnormalities, tumor detection from image analysis,
diagnosis of cancer, and a variety of other applications'"). With an accuracy of 89%, the N-VGG-19 with Adamax optimizer
model outperformed the others in identifying images as either COVID-19 or not.

The proposed model, which is built on convolutional neural network (CNN) can be useful in differentiating CT scan
images as covid19 positive or negative. Convolutional neural network consists of various architectures which can be trained
to classify inputs into various classes !?). Every task requires the development of objectives that help to address the problems
and challenges facing the organization. Artificial intelligence and deep learning have been applied in a multitude of experiments
and development initiatives related to medical imaging, specifically in the field of diagnostics employing computed tomography
(CT) images. In the deep learning domain, deep neural networks (DNNs) are constructed by stacking layers of artificial
neurons '¥), Deep learning networks have several layers that transform data into decision making. CNN is a type of deep neural
network with widely used applications utilized in images and videos.

CT has proven to be helpful for COVID-19 patient diagnosis during the pandemic. Obtaining sufficient large-scale data
from publicly available datasets to train deep-learning models for uncommon medical disorders such as COVID-19 might
be difficult !, As a result, transfer learning is used to strengthen the proposed systems. Lung scanning tools, which involves
chest X-ray CT and MRI, imaging are extremely effective and economical diagnostic radiology techniques for lung disease ).
Despite highly skilled and experienced radiologists, it can be challenging to separate COVID-19 from pneumonia utilising X-
ray pictures since both conditions have similar location characteristics. Numerous research have concentrated on COVID-19,
pneumonia analysis, and diagnosis using multiple approaches !®). The majority of healthcare apps are in greater demand due
to their notable characteristics, which are supported using deep learning, machine learning, and artificial intelligence (AI). The
research work suggested by!7) uses an effective image sorting technique that employs effective Net with filtering to boost the
resolution of the pictures in order to detect COVID-19 utilizing CT images. Many transformation techniques work fairly well
on Effective Net, including CLAHE, Wavelet, Laplace, and Adaptive Gamma.

For COVID-19 identification, the authors '®) provided a number of deep transfer models, fusion classifiers, and deep pattern
composing techniques. Togacar et al.'*) conducted a study to examine the relationship between COVID-19 pneumonia clinical
symptoms and chest CT results. The clearest signs of COVID-19 infection on the CT scan images were bilateral, peripheral
ground-glass and consolidative lung opacities . Since COVID-19 datasets are hard to come by, Zhao et al. ?") created the open-
source dataset COVID-CT, which includes 463 non-COVID-19 CTs and 449 COVID-19 CT images from 216 individuals. Wang
et al.®? used 3D CT volumes to construct a deep learning-based software solution for automated COVID-19 identification on
chest CT. On the basis of 630 CT images, an already trained UNet and a 3D neural network with deep learning were used to
forecast the likelihood of COVID-19 infections.

1.1. Contribution of the work

The following are the contributions made in designing a system powered by deep neural networks for detecting infection in
lungs using chest CT pictures.

o The suggested models can increase training speed and decrease the number of training images by utilizing the knowledge
of a pre-trained network.

« This study focuses on reducing false positives and false negatives rates, as it is crucial for severe illnesses like COVID-19
and Pneumonia.

o Due to the less number of available COVID-19 CT images, the problem of over-fitting arises, which is reduced using batch
normalization and dropout.

« This study focuses on lowering down on the time it takes to identify COVID-19.

o Recall, accuracy, precision, and F1 score are among the evaluation metrics used to assess these fine-tuned and ensemble
models.

https://www.indjst.org/ 3679


https://www.indjst.org/

Patil & Patil / Indian Journal of Science and Technology 2024;17(35):3678-3687

2 Material and methods

Recent years have seen a number of promising uses for deep learning. It is useful for researchers in various fields. Due to its
excellent accuracy, everyone now prefers CNN over other layers for image sorting. The COVID-19 CT database was made up of
images of patients whose COVID-19 testing results had also been verified by RT-PCR. The dataset includes 738 images that were
downloaded from Kaggle. Out of 738 CT scan images, 349 images from 216 individuals were found to contain COVID-19, while
397 images belonged to patients who were not infected with the virus. In both the training and test sets, there were considerably
more normal photos than COVID images in the research dataset, which also had relatively low data volume and imbalanced
positive and negative samples. This can result in overfitting and inadequate post-training validation. In order to create new
photos, we rotated, flipped, scaled, and altered the brightness of the original datasets using data augmentation techniques.
Figure 1 illustrates the proposed method for diagnosis of COVID-19 using various fine-tuned models.
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Fig 1. Proposed method for diagnosis of COVID-19 using various Models
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2.1. Preprocessing

When working with image data, preprocessing an image is the primary and most important stage. To identify COVID-19 in
chest CT scans, CNN is employed as a binary classification system. The input images are all resized to 224 x224 %3 to preserve
uniformity since they are all various sizes. In order to train the model from scratch,a huge amount of samples must be required
in order to learn the neural network. Since the majority of the COVID-19 database is much lower, it takes longer to create an
effective model. As a result, the proposed models are created using the models that have already been trained and modified to
recognise COVID-19.

2.2. Proposed methods

Using four distinct algorithms constructed from a deep convolutional neural network, the task of identifying individuals
contaminated with the coronavirus employing CT has been carried out (VGG19, ResNet50, InceptionV 3, and Xception). The
suggested model used a transfer learning approach that leveraged the weight of the pre-trained models (ImageNet (Russakovsky
et al. 2014)). Three elements make up the model’s fundamental design: a prediction classifier, a collection of three layers that
have been adjusted to meet researchers demands, and a pre-trained network. Some modifications are made to each model’s
architecture in order to obtain effective prediction performance. To be more precise, the suggested method used optimizers to
meet categorization objective and added extra layers to the conclusion of each model’s design. Each of the four created models’
specifics are explained in the following subsections.

2.3. InceptionV3 model

Label Softening, Transformed 7 x 7 convolutions, with the addition of an auxiliary classifier to transfer label data lower down
the network are some of the advancements in the Inception-V3 CNN network architecture. The fundamental design principle
of the InceptionV3 architectures is to solve the problem of inappropriate variability in the positioning of significant areas in
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images under investigation by enabling the network to contain many kernel types onto the identical stage, thus "widening” the
scope of the network. Figure 2 illustrates the suggested procedure for COVID-19 identification with the Inception model with
the addition of a dense layer.
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Fig 2. Proposed Fune-Tuned InceptionV3 Model

2.4. Xception

In the Xception architecture, the network’s feature extraction base consists of 36 convolutional layers. 14 distinct modules can
be created from the 36 convolution layers. Following the removal of the first and last layers, every layer has an uninterrupted
residual link surrounding it. Cross-channel correlations are obtained by converting the source image into spatial correlations
across each end channel. Figure 3 illustrates the suggested technique for COVID-19 identification with the Inception model.

Covid Negative

¥ - e olwt son ‘a
1x1 3x2) =

1 e el a0
x\ 10w B0 3 /,i
“u,
T

Corrrodasiagn Cone ol on Conaa bercted d
IhamauT - - = - -
“ 121 3= - Ehatpul Covid Positve
C Garrr el gty Carmeoliul K _d-ﬁ"'-.
- 151 = |
LS o Mlaoc peo-olirng
o o]

Fig 3. Proposed Fune-Tuned Xception Model

2.5. ResNet50

A ResNet design known as ResNet50 has 50 layers total. The ResNet50 architecture consists of many convolutional (conv)
layers. Residual blocks constitute the majority of it. The primary benefit of residual connections in the ResNet design is that
they maintain the information acquired during training and reduce the amount of duration required for model training by
expanding the ability of the network. Figure 4 illustrate the suggested technique for identifying COVID-19 via the ResNet50
algorithm.
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Fig 4. Proposed Fune-Tuned ResNet50 Model

2.6. N-VGG19

The N-VGG19 design has become one of the most recognized deep CNN techniques. VGG19 was offered by Simonyan and
Zisserman from the Visual Geometry Group at the University of Oxford. Using a million photos over 1000 classes, the ImageNet
repository is used to learn VGG19. The visual geometry group-19 (VGG-19) model, which has dimensions of 224 x 224 x 3, was
fed the input photos. The model has 16 layers and 5 convolutional blocks in total. Every frame has two or three convolutional
layers, five levels of max-pooling, three fully connected (FC) layers, and a softmax layer at the end. For binary classification, the
softmax layer is replaced with the sigmoid layer. Two dense layers are added after the last convolutional layer. The suggested
procedure for COVID-19 recognition utilizing the N-VGG19 concept is depicted in Figure 5.
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Fig 5. Proposed Fune-Tuned N-VGG19 Model

2.7. Training Procedure

The models were constructed using the NVIDIA Tesla T4 GPU, which is available in Google Colab. All the CNN models are
trained using a batch of size 32. The sample images taken from the training dataset will be used to learn the classifier. The
approach generates binary classification results, and computes loss using binary cross entropy, along with updating network

weights using the Adam optimizer. System characteristics are retained in each epoch. To determine accuracy, the model classifies
the validation set.
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3 Results and Discussion

3.1. Potential Measures

3.1.1. Accuracy
One parameter to evaluate classification algorithms is accuracy. The percentage of correctly predicted events in relation to the
entire sample size is what known as accuracy. An accuracy calculation formula is given below.

4 TP+TN 0
ccuracy =
Y= TPITNYFP+FN

3.1.2. Recall
It is also known as true positive rate (TPR). A greater recall rate produces better prediction accuracy for the desired event and
a lower chance of omitting a problematic instance. Equation (2) indicates recall expression.

TP
— B 2
Recall TPLFN (2)

3.1.3. Precision

Precision is one statistic that may be employed to determine how well a machine learning algorithm is working. It is an indicator
that assesses the model’s consistency in identifying positive samples and pertinent information on the intended outcome.
Equation (3) indicates the formula for precision.

TP
Precision = ———— (3)

TP+ FP

3.1.4. F1 Score
To mitigate the negative impact of accuracy, the F1 score is supplied as an integrated statistic when evaluating classifiers.
Equation (4) is used to calculate the f1 score.

Precision * Recall

F1Score =2( ) 4)

Precision + Recall

Table 1. Comparison of the proposed fine-tuned models with some state-of-the-art approaches

CNN Archi- No of Accuracy Precision Recall F1 Training  Execution Remarks
tectures param- (%) (%) (%) Score Time (s) Time (s)
eters (%)
(Mil-
lion)
VGG19 + 90.92 91.8 89.4 Due to feature fusion
State of art  ResNet50(23) technique, the algo-
Models rithm becomes more

complex and takes
more time to execute.
VGG16©@H 94.29 Relatively small
dataset was used to
learn the system.
Efiicient2D 81.2 Improvement for
(E2D) ) addressing  instabil-
ity is necessary as
CT images contain
more redundant
information.
MobilneNetV1 20 97.44 97.58 75 The complexity of
networks has esca-
lated as a result of the
parallel design.

Continued on nexgpags
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Table 1 continued

Proposed InceptionV3 24 73 73.5 73.5 73.5 630 0.01749 To  achieve the

Fine- desired  computa-

Tuned tion efficacy, the

CNN duration of training

Models needs to be kept to a
minimum.

Xception 22.8 81 80.5 80.5 80.5 435 0.01353 Relatively less no of

training  parameter
are available.

ResNet50 23 72.5 71 89.5 69.5 245 27 This model shows less
accuracy.
N-VGG19 138 90 88.5 86 86.5 505 0.01289 This model is hav-

ing 12 milliseconds
of classification time
with more accuracy.

3.2. Experimental Outcome

In the suggested research, the CNN layer models are assessed using the accuracy, precision, F1-score, and recall. When assessing
a healthcare diagnostic method for COVID-19 recognition, these factors are useful. The accuracy and loss for each CNN model
throughout the training and validation stages are illustrated in Figures 6, 7 and 8, and Figure 9. The fine-tuned ResNet50 model
shows low-performing scores with a 72.5% accuracy rate when taking CT pictures. Higher false negative (FN) occurrences
correspond with a weak recall score. Therefore, a significant amount for false positive (FP) outcomes is indicated by the poor
accuracy ratio. This suggests that this framework identifies an extensive amount of FP and FN and, therefore, constitutes a
predictor of poor abilities. The precision and recall rate for Xception remain the same for 100 epochs. It can be observed that
the N-VGG19 algorithm outperforms all competing algorithms across every CT modality when one looks at every method
independently.
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Fig 6. Fine-Tuned N-VGG19 Models Performance Graph

3.3. Time management

The amount of time the models required for training, testing, and execution, was examined as indicated in Table 1. The models
VGG19, Resnet50, Inception V3, and Exception were used to measure speed and time gains. A model’s “training time” is
the amount of time it takes to learn a dataset, while testing time covers the process when a fully trained system’s outcome
is examined on a testing set. The algorithm is provided with one computed tomography image during the validation phase. the
result showing if the patient has a coronavirus-positive infection or not. The execution time for each individual model won’t
vary if the measurements of the given CT scan photos remain identical.
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4 Discussion

Individuals can be diagnosed for COVID-19 using CT scan images. It provides a thorough view of the specific location, allowing
us to identify internal flaws, damage, the size of the sections, tumors, There are not many changes between imaging and medical
examination; nonetheless, there are some significant variances between the processes being used. Unlike imaging testing, where
there are no lengthy processes to adhere to, clinical examination forms are often highly irritating to file during the critical
situation. Naturally, clinical testing has a little bit more reliability since physicians individually review its results; in image testing,
however, a machine performs this task; its intelligence is merely clever until it receives commands. With present method, the CT
scan photos are categorized as either positive or negative. The proposed system examined four deep learning methods, including
N-VGG109, ResNet50, InceptionV3, and Xception, in order to confirm that the suggested approach is credible. as it assists us
to understand the benefits and drawbacks of each method. The N-VGG-19 takes just 12.89 ms to forecast the results, while
the Xception and InceptionV3 models require 13.53 ms and 17.49 ms, respectively. The outcomes show that, when examining
each modality independently, the N-VGG19 model performs better than all of the constructed versions of the algorithms for
the CT image detector. The suggested method adopted a well-organized strategy that clinicians may employ for large patient
monitoring. It will generate results more quickly and with more precision than the existing RT-PCR approach. This model may
be expanded to categorize CT scan pictures infected for coronavirus according to the intensity of COVID-19 dissemination in
the lung region.

5 Conclusion

The present work designed and evaluated a binary-classification deep learning methodology for detection of infection in the
chest with the help of CT images. The suggested method have given a comprehensive evaluation of numerous previously trained
neural network modules, including ResNet50, InceptionV3, N-VGG19, and Xception, using the Adamax optimizer and data
augmentation technique. The N-VGG-19 performed better than all other deep learning models, with an accuracy of 90% when
compared. To properly evaluate the potential of the suggested method, additional investigation and evaluation on bigger and
more diversified databases are required.
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