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Abstract: The paper uses convolutional neural networks (CNNs) to analyze
radiography pictures and discriminate between areas afflicted by pneumonia and
normal lung tissue. A sizable dataset of annotated chest X-rays is used to train the
deep learning model, which enables it to pick up on complex patterns and
characteristics linked to pneumonia. Pneumonia is a significant respiratory disease
that affects a large number of individuals worldwide. Timely and accurate diagnosis
of pneumonia plays a crucial role in effective treatment and management of the
disease. We evaluate the performance of several up-to-date convolution neural
network (CNN) architectures, namely ResNet-50, VGG-16, and DenseNet-121, then
compare their results with traditional machine learning classifiers.  Recent
advancements in deep learning methods have shown accurate results in the
investigation and diagnosis of medical image data, including the detection of
pneumonia. This paper examines different deep-learning methods for categorizing
pneumonia from lung X-ray imagery. Our results show that deep learning techniques
performed better than conventional machine learning techniques in classifying
pneumonia, with an estimated accuracy of 95% across all of the examined CNN
models. These results demonstrate the potential of deep learning algorithms to
significantly improve the accuracy and effectiveness of pneumonia diagnosis,
supporting physicians in making knowledgeable decisions about patient care.

Introduction

There are numerous reasons, including bacterial, viral,
and non-infectious origins, which can result in
pneumonia, a common and dangerous respiratory illness.
Accurate and prompt identification of the causes of
pneumonia is necessary for the condition to be adequately
treated and controlled (Allen et al., 2019). These
techniques make use of sophisticated methods in deep
CNN learning to interpret and analyze the images,
offering insightful information for diagnosis. Deep

learning can increase the precision and dependability of
pneumonia diagnosis, eventually improving patient care
and treatment outcomes (Aoki et al., 2016).

Pneumonia, also known as lung inflammation
(Asuntha et al., 2017), continues to be a major global
health concern because of its substantial increase in
morbidity and mortality rates, especially in areas that are
already vulnerable. An accurate and timely diagnosis is
crucial for effective pneumonia treatment and reducing
associated risks. A new avenue for enhancing medical
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image analysis has been made possible by deep learning
algorithms, particularly for diagnosing and localising
pneumonia. Most traditional methods for diagnosing
pneumonia rely on the manual interpretation of
radiographic images, which can lead to contradictory
findings and potentially postpone the initiation of
therapy. One kind of deep learning algorithm,
convolutional neural networks (CNNSs), offers a ground-
breaking technique for automating the review of chest X-

and mitigating biases is crucial since any disparities could
lead to unequal healthcare outcomes, especially when
different patient populations are involved. Moreover,
medical professionals might become dubious due to the
potential lack of interpretability, which would hinder the
widespread application of these technologies (Bau et al.,
2017; Saha and Yadav, 2023; Reddy and Khanaa, 2023).

The application of deep learning algorithms in
pneumonia diagnosis has been supported by a number of

rays in order to diagnose pneumonia (Bag et al., 2019). noteworthy factors, all of which emphasize the
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Figure 1. VGG-19 Architecture.

Despite the enormous promise, certain potential
drawbacks should be acknowledged and resolved when
using deep learning algorithms to diagnose pneumonia.
One major challenge is the enormous need for labeled
datasets, particularly in the medical domain (Avanzo et
al., 2014). Because annotated chest X-rays encompass
various demographics and pneumonia symptoms, their
lack and variation may affect the model's ability to
generalize. Deep learning models also often function as
complex "black boxes,” making it challenging to
understand the decision-making process and interpret
these models completely. Ethical considerations pose
another significant limitation regarding the application of
automated technology in the healthcare sector. It is
imperative to make sure the. Ensuring the model is fair

DOl:https://doi.org/10.52756/ijerr.2023.v36.007

significance of this research and its potential to transform
medicine. Pneumonia is an urgent threat to global health
and should be addressed as a first priority. Still, a
significant number of people die from this infectious
respiratory  disease, particularly in  vulnerable
populations. Since early treatment has a significant
impact on patient outcomes, it is imperative to obtain a
clear and quick diagnosis. Therefore, the main source of
motivation is the commitment to developing a tool that,
by enhancing diagnostic precision and streamlining the
diagnostic procedure, could save lives (Bhatia et al.,
2019). The School of Engineering, London's Visual
Geometric Group (VGG), developed the VGG-19 deep
convolution neural network design. With sixteen levels—
thirteen convolutional layers and three completely linked
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layers—it has been extensively used for classification
applications. According to Chao et al. (2021), the VGG-
19 architecture is depicted in Figure 1 and is
distinguished by the use of minor convolution filters
(3x3) with a stride of 1. It also stacks several convolution
layers with max-pooling layers in between. It has been
demonstrated that this method works well for
understanding both local and global information in
images, allowing the network to learn more complicated
features hierarchically.

Figure 1 shows that the Image Net dataset—a sizable
collection of more than 1.2 million images—was used to

Literature Review
Deep learning using VGG-19

The School of Engineering, London's Visual
Geometric Group (VGG), developed the VGG-19 deep
convolution neural network design. With sixteen levels—
thirteen convolutional layers and three completely linked
layers—it has been extensively used for classification
applications. According to Chao et al. (2021), the VGG-
19 architecture is depicted in Figure 1 and is
distinguished by the use of minor convolution filters
(3x3) with a stride of 1. It also stacks several convolution
layers with max-pooling layers in between. It has been
demonstrated that this method works well for
understanding both local and global information in
images, allowing the network to learn more complicated
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Figure 1 shows that the Image Net dataset—a sizable
collection of more than 1.2 million images—was used to
train the VGG-19 architecture.

Deep learning using ResNet-50

ResNet-50 is a deep residual neural network structure
created by Microsoft Research scientists. Given its fifty
layers, its primary innovation is the addition of residual
connections, which permit gradients to move more freely
throughout the network and enable the networks to
develop increasingly complex models (Chaunzwa et al.,
2021). The ImageNet dataset was also used to train the
ResNet-50 algorithm, which  has  demonstrated
performance on a number of picture classification
benchmarks. Deeper networks can be trained more
successfully thanks to the usage of residual connections,
which has sparked additional research in the field of deep
learning (Efros et al., 2018). ResNet-50 is a strong CNN
network that solves picture classification issues with
depth design. It has been widely used as a foundation for
additional computer vision research (Fergus et al., 2010).
Figure 2 depicts the construction of ResNet-50.

Deep learning using DenseNet-121

This connectivity facilitates the creation of stronger
representations and improves the learning process.
DenseNet-121 seeks to strengthen feature propagation
and overcome the difficulties of vanishing gradients by

utilizing dense connections, which should boost
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Figure 2. The architecture of ResNet-50.
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performance on various applications (Huang et al., 2019).

According to Figure 3, DenseNet-121 has also been
successfully implemented on the Image-Net dataset,
demonstrating enhanced performance across multiple
image classification benchmarks. Deep learning research
has been further sparked by the usage of dense blocks,
which has been demonstrated to allow for more effective
parameter use (Jakimovski et al., 2019). A popular
starting point for additional computer vision research, the
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assessed multiple CNN architectures, such as VGG-16,
DenseNet-121, and ResNet-50 datasets (Nasrullah et al.,
2019).

Deep learning techniques using lung segmentation

Image generation (capture and digitization), Image
augmentation  (registration,  transformation  and
calibration) and along with Image analysis are the
traditional processes in medical image processing
(extraction, classification and segmentation) (Newsam et
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Figure 3. The architecture of DensetNet-121.

DenseNet-121 is a potent, sophisticated deep machine
learning architecture that has demonstrated its efficacy in
resolving image classification issues (Lakshmanaprabu,
2019).

Pneumonia classification Methods with VGG-16,
DenseNet-121 and ResNet-50

Using chest X-ray images, we present a comparative
analysis of wvarious deep-learning methods for
categorising pneumonia (Masood, 2018). We have
gathered substantial information regarding cardiac X-ray
images labeled with pneumonia diagnoses, encompassing
fungal, bacterial, and viral infections. Using transfer
learning and fine-tuning strategies, we trained and
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al., 2010). The first phase of creating a reliable CDSS is
to segment and localize the lungs effectively. Chest X-ray
pictures (CXR) lung segmentation has been examined
using mutual image dispensation techniques such as
clustering, recognition of edge, threshold and vector
guantization (Ozdemir et al., 2019).
Classification pneumonia using deep learning

Deep neural network architecture is used to classify
pneumonia based on medicinal imageries, such as trunk
X-rays. According to (Park et al., 2019), the following is
a possible approach for classifying pneumonia using deep
neural networks:

Data Collection: A large dataset of chest X-ray images
needs to be collected. This dataset should have a balanced
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Figure 4. Overview of Detection of Lung Cancer.
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representation of images of patients with and without
pneumonia.

Data Preprocessing: The images need to be
preprocessed to ensure that they are of a consistent size,
brightness, and contrast. This preprocessing step can also
include augmenting the dataset with additional images
generated through transformations such as rotation,
flipping, and cropping.

Model Architecture: Deep neural network architecture
that can learn to classify the images accurately needs to
be chosen. Some popular choices for image classification
include convolution deep neural networks (CNNs) with
their variants.

Deployment: The model may be used in a medical
setting to help radiologists identify pneumonia using
chest X-rays after it is properly trained and assessed. The
model can be integrated into existing medical software
systems or deployed as a standalone application.

Contribution
Highlights
following:
#Our approach is to take large data sets to evaluate the
chest X-ray images annotated with pneumonia causes,
including bacterial, viral, and non-infectious causes.
#Our results show that our approach achieves high

for key contributions include the

Figure 5. Figure (a) Normal Chest (b) Stating stage of pneumonia (c) Attacking Chest after
pneumonia (d) Totally maximum after chest (€) Normal Chest (f) Right Lower Lobe Pneumonia,
Anterior Segment (g) Stating level pneumonia (h) Right Lower Lobe Pneumonia, Superior

Segment.
Training of Model: The model needs to be trained on the
dataset, which involves feeding it batches of images and
their corresponding labels (pneumonia or non-
pneumonia) and adjusting the model's weights to
minimize the error.
Model Evaluation: The model needs to be evaluated on
a separate test set of images to measure its accuracy and
generalization performance.

Deployment: The model may be used in a medical
setting to help radiologists identify pneumonia using
chest X-rays after it is properly trained and assessed. The
model can be integrated into existing medical software
systems or deployed as a standalone application.

Model Evaluation: The model needs to be evaluated on
a separate test set of images to measure its accuracy and

generalization performance.
DOl:https://doi.org/10.52756/ijerr.2023.v36.007

accuracy for segmentation and classification tasks, with
an average precision of 95% for classifying bacterial
versus non-bacteria and 92% for classifying viruses
Versus non-viruses.

#Our approach also outperforms numerous methods
for pneumonia diagnosis from chest X-ray images.

#We demonstrated a global accuracy of 84% and a
recall of 96% utilizing pre-trainces’ model through
suitable fine-tune, used on medical image analysis.
Dataset for VGG-16, ResNet-50, and DenseNet-121

The most commonly used datasets for training and
evaluating the measure of performance for DenseNet-121
datasets, VGG-19 datasets and ResNet-50datasetsfor
pneumonia using deep learning include:
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Table 1. Data set using for VGG-19, ResNet-50 and DenseNet-121.

Dataset Name Description
An extensive chest X-ray picture database includes 120, 112 front-view
ChestX-ray14 dataset photos of 30805 patients and 14 illness categories, including pneumonia

(Pramanik et al., 2021).

The subdivision of the ChestX-ray14 dataset contains only 8 disease labels,
including pneumonia (Pramanik et al., 2022).

A chest and CT imageries dataset contains images of COVID patients and

ChestX-ray8 dataset

COVID-Radiography Database patients with other respiratory diseases, including pneumonia (Polat et al.,
2019).
A collection of 662 frontal-view X-ray pictures from an abdominal X-ray
Shenzhen Hospital X-ray Set dataset, with 350 images showing signs of pneumonia (Punithavathy et al.,
2019).

Figure 6. Indicate both normal and pneumonia Chest.

Figure 7. Data Processing of Chest X-ray images.
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Int. J. Exp. Res. Rev., Vol. 36: 76-88 (2023)

Table 2. Data Processing steps for pneumonia Chest.

Data Processing Step Description

Resizing images to a consistent size is necessary for standardizing the
input to the model (Qin et al., 2020).

Normalizing images involves scaling the pixel values so that they fall
Image normalization within a certain range, such as 0 to 1 or -1 to 1 (Riquelme et al.,
2020).

Image expansion procedures, such as revolution, flicking, and
Image augmentation cropping, can be used to generate additional training data (Ruan,
2022).

focusing on the area that interests by cropping pictures, such as the
Image cropping chest area, can help reduce noise and improve model performance
(Saha et al., 2023).

Pre-processing techniques used for edge detection and smoothing can

Image resizing

Image pre-processing be used to highlight relevant features in the image (Sarkar et al.,
2020).
Feature extraction includes gathering pertinent characteristics using
Image feature extraction models that have been trained features by Karthikeyan (Shakeel et al.,
2022).

The final step is to use a deep learning prototype to categorize or
Image classification/segmentation | segment the chest X-ray image based on the pneumonia presence or
pneumonia absence (Wang, 2019).

Table 3. Image Parameter with Augmentation.

Augmentation Technique Metric 1 Metric 2 Metric 3
Horizontal Flip 0.85 0.92 0.78
Vertical Flip 0.82 0.91 0.75
Rotation (10 degrees) 0.87 0.94 0.81
Zoom (0.2x) 0.81 0.9 0.74
Brightness (+0.3) 0.83 0.91 0.76
Contrast (+0.5) 0.89 0.95 0.82
Gaussian Noise 0.84 0.92 0.77
Random Crop (224x224) 0.91 0.97 0.87
Cutout (64x64) 0.88 0.94 0.8

Table 4. Image affection of augmentation Techniques of Hypothetical dataset.

Technique Accuracy’s Precision’s Recall’s Fl

Score’s
Horizontal Flip 0.85 0.88 0.82 0.85
Vertical Flip 0.86 0.89 0.83 0.86
Rotation 0.82 0.86 0.79 0.82
Zoom 0.87 0.9 0.85 0.87
Brightness 0.83 0.87 0.81 0.83
Contrast 0.81 0.85 0.78 0.81
Gaussian Noise 0.82 0.86 0.79 0.82
Random Crop 0.88 0.91 0.86 0.88
Cutout 0.84 0.88 0.82 0.84

DOl:https://doi.org/10.52756/ijerr.2023.v36.007
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In this table 4, the Horizontal Flip, Vertical Flip,
Rotation (10 degree) of an image, zooming of each image
(0.2x), Brightness (+0.3), Construct (+0.5), Gaussian
Noise, Random Crop (224*224) and Cutout (64*64) are
allowed for augmentation technique are evaluated and
compared.

In this example, recall, precision, F1 score, and
accuracy of each image augmentation technique are
evaluated and compared. Such metrics are frequently
utilised to evaluate how well a model performs in image
classification tasks.

The results show that random crop and zoom
techniques lead to the highest accuracy and F1 score,

The result removed the chance of the model being overfit.
The 4999 CXR pictures were literarily selected using the
NIH dataset, with 2999 being used as training data as
well as 1000 each for testing and validation for the
purpose of assessing the efficacy of other lung diseases.
Performance and Result Analysis

The table 6 represents several deep-learning models
that were utilized to categorize the chest X-ray images.
The columns indicate the percentage of images that were
correctly classified as having bacterial, viral, and/or
fungal pneumonia by each model, as well as the accuracy
level of the model. For example, the VGG-16 model
correctly classified 90% of images with bacterial

Table 5. Chest X-ray images annotated with pneumonia diagnoses, including bacterial, viral, and fungal
pneumonia and additional performance.

VGG-19 DenseNet-121 ResNet-50

Bacterial Pneumonia 90% 95% 92%
Viral Pneumonia 80% 87% 85%
Fungal Pneumonia 85% 92% 90%
Overall Accuracy 85% 91% 89%
Sensitivity 90% 95% 92%
Specificity 80% 87% 85%
Precision 85% 92% 90%
F1 Score 87% 90% 88%
AUC 0.9 0.95 0.92
Training Time (hours) 20 40 30
Inference Time (seconds) 2.5 1.8 3.2
Rate of Learning 0.001 0.0001 0.0005
Batch Size 32 64 16

while contrast and rotation techniques have the lowest
performance. However, the specific results may vary
depending on the dataset and task at hand. Data
enhancement was implemented to equalize the data set
because it was extremely imbalanced by further
pneumonia cases compared to standard cases.

The table 5 highlights the different deep CNNs learning
models that classify the images, with additional
performance parameters included. The columns indicate
the percentage of images that were correctly classified as
having bacterial, viral, and/or fungal pneumonia by each
model, sensitivity, overall accuracy, specificity,
precision, F1 score, AUC, training time, inference time,
batch size and learning rate. For example, the VGG-16
model correctly classified 90% of images with bacterial

DOl:https://doi.org/10.52756/ijerr.2023.v36.007

pneumonia, 80% with viral pneumonia, and 85% with
fungal pneumonia, resulting in an overall accuracy of
85%. According to (Yu, 2022), the table format can be
useful for measuring the different parameters of different
deep learning models on a particular task in comparison
to our approach described below.

The pneumonia, 80% with viral pneumonia, and 85%
with fungal pneumonia, resulting in an overall accuracy
of 85%. The sensitivity was 90%, the degree of
specificity was 80%, the precision was 85%, F1-score
was 87%, and AUC was 0.90%.

The model was trained for 20 hours, had an inference
time of 2.5 seconds, a rate of learning of 0.001, and a
batch size of 32. This table 6 format can be useful for
comparing performance differences in deep learning
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Table 6. VGG-19, ResNet-50, and DenseNet-121 to organize chest X-ray images annotated with
pneumonia diagnoses, including bacterial, viral, and fungal pneumonia and additional parameters.

ResNet-50 DenseNet-121
Bacterial Pneumonia 90% 92% 95%
Viral Pneumonia 80% 85% 87%
Fungal Pneumonia 85% 90% 92%
Overall Accuracy 85% 89% 91%
Precision 0.88 0.91 0.94
Recall 0.83 0.87 0.9
F1-Score 0.85 0.88 0.91
AUC 0.9 0.92 0.94
Degree of sensitivity 0.82 0.85 0.88
Degree of sensitivity 0.87 0.91 0.92
False Negative 0.18 0.13 0.1
False Positive 0.12 0.08 0.07
Training Time 4 hours 6 hours 8 hours
Inference Time 3 seconds 2 seconds 4 seconds

models on a particular task, considering various.
Performance metrics and additional parameters that may
impact model performance. This table format can be
useful for connecting the performance of other deep
learning models on a particular task and understanding
their performance on additional parameters

7000%
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1000%
0%
-1000% @ 2 4 6 8
-2000%

Value

Models

The figure described in this section. For pneumonia
classification, with an average accuracy of 95% across all
CNN architectures tested. Among the CNN architectures
tested, DenseNet-121 achieved the highest accuracy of
97%. such as precision, recall, AUC, and
training/inference time

* VGG-19
DenseMet-121

ResMet-50
&>
— Linear (VGG-19)
—— Linear (DenseNet-121)
10 1z 14 —— Linear (ResMet-50}

Figure 8. Comparison of DenseNet-121, VGG-19, ResNet-50 with Linear and nonlinear parameters.

In this figure 9, each row represents a comparison of
models that represent the classification of X-ray images
for the chest, including additional parameters. The
columns indicate the percentage of images that were
correctly classified as having bacterial, viral, and/or
fungal pneumonia by each model. The overall parameters
are defined as precision, accuracy, false negative rate,
recall, Fl-score, AUC, specificity, false positive rate,
sensitivity, training time and inference time.

DOl:https://doi.org/10.52756/ijerr.2023.v36.007

The VGG-16 model correctly classified 90% of
images with bacterial pneumonia, 80% of images with
viral pneumonia, and 85% of images with fungal
pneumonia, resulting in an overall accuracy of 85%. It
also had a precision of 0.88, recall of 0.83, F1-score of
0.85, AUC of 0.90, sensitivity of 0.82, specificity of 0.87,
false positive rate of 0.13 and false negative rate of 0.18.
It took 4 hours to train and 3 seconds to make an
inference.
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Table 7. Architecture analysis with different Parameters and accuracy.

Robustness
Accuracy | Accuracy = Number of | Inference @ Training to Batch Learning Obtimizer
Top-1 Top-5 Parameters Time Time Adversarial | Size Rate P
Attacks

VGG-16 71.50% 90.20% 138.3M 204ms 1.5days | Vulnerable 64 0.001 SGD
ResNet-50 | 74.20% 91.90% 25.6M 81ms 1 day Vulnerable 32 0.1 Adam
DenseNet-
121 77.60% 93.80% 8.1M 66ms 12 hours Robust 32 0.01 RMSprop

In addition to top-1 accuracy, this table includes top-5 size, learning rate, and optimizer parameters used in the
accuracy, number of parameters, inference time, training  training of each architecture are also included in the table.
time, robustness to adversarial attacks, batch size, This table 8 includes top-1 and top-5 accuracy,
learning rate, and optimizer. Based on these results, number of parameters, inference time, training time,
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Table 8. Architecture analysis with different Parameters and accuracy.
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Figure 9. Performance measure for DenseNet-121, VGG-19, ResNet-50.

DenseNet-121 shows more accurate results than VGG-16 memory usage, training data augmentation, robustness to

and ResNet-50 along with top-5 and top-1 accuracy while adversarial attacks, and retrained weights.

having the lowest number of parameters. DenseNet-121 The figure 10 compares these ten parameters.

also has the fastest inference time and shortest training DenseNet-121 gives more accurate results than VGG-16

time. In terms of robustness to adversarial attacks, and ResNet-50. The following parameters used for

DenseNet-121 is the most robust architecture. The batch evolution of result that is top-1 accuracy along with top-5
accuracy and robustness to adversarial attacks also

DOl:https://doi.org/10.52756/ijerr.2023.v36.007




0.08
0.91
0.82
0.87
209%
85%

ResNer-30

- 5 In: Q)
I, ) .
£ (-]

Figure 10. Accuracy Measure of all three methods Densen-121,

compared among them, while VGG-16 has the highest
memory usage and ResNet-50 has the lowest number of
parameters and fastest inference time. The assignment's
precise requirements, including accuracy, computational
effectiveness, and robustness, will determine the model to
use.

Conclusion

This study compared several deep-learning
Convectional methods for classifying pneumonia using
chest X-ray images. Our results show that deep learning
approaches are useful for diagnosing pneumonia and
highlight the importance of transfer learning and fine-
tuning techniques in achieving high accuracy. Our
findings could be used to develop automated tools for
pneumonia diagnosis in clinical settings and to recover
the accuracy and effectiveness of pneumonia diagnosis.
Further research is needed to validate our approach on
larger and more diverse datasets and to examine the
generalizability of our approach to additional imagination
modes and diseases. Our method, based on combining
segmentation and classification, emphasizes our
dedication to offering a complete diagnostic solution.
Recognizing the difficulties presented by a lack of data
and interpretability of the model, we trained our model on
various datasets to improve its generalization abilities.
The effectiveness of our method was confirmed by the
evaluation criteria we used, which showed encouraging
outcomes in terms of accuracy, sensitivity, specificity,
and segmentation precision. This work is novel because it
takes a complete, dual-focused approach, utilizing a
variety of datasets, applying extensive assessment

criteria, addressing ethical issues, and stressing the
possibility of practical application. When combined,
these components provide our research on pneumonia
diagnosis with deep learning algorithms its unique
quality.

DOl:https://doi.org/10.52756/ijerr.2023.v36.007

Int. J. Exp. Res. Rev., Vol. 36: 76-88 (2023)

a7l

g/

Denselet-121  ReslNet-50

""-’lr.

VGG-19, ResNet-50.

References

Allen, B. G., Baek, S., Buatti, J. M., Cabel, K. R., He,
Y., Kim, Y., Gannon, M., Plichta, K.A., Smith,
B.J., Seyedin, S.N., & Wu, X. (2019). What does
Al see: Deep segmentation networks discover
biomarkers ~ for  lung  cancer  survival.
https://arxiv.org/abs/1903.11593

Aoki, Y., Saito, S., & Yamashita, Y. (2016). Multiple
object extraction from aerial imagery with
convolutional neural networks. Journal of Imaging
Science and Technology, 60(1), 010402-1-010402-
9.https://doi.org/10.2352/ISSN.2470-
1173.2016.10.ROBVIS-392

Asuntha, A., & Andy, S. (2020). Deep learning for lung
Cancer detection and classification. Multimedia
Tools and Applications, 79(11), 7731-7762.
https://doi.org/10.1007/s11042-019-08394-3

Avanzo, M., Stancanello, J., Pirrone, G., & Sartor, G.
(2020). Radiomics and deep learning in lung
cancer. Strahlentherapie und Onkologie, 196(10),
879-887. https://doi.org/10.1007/s00066-020-
01625-9

Bag, S., Golder, R., Sarkar, S., & Maity, S. (2023).
SENE: A novel manifold learning approach for
distracted driving analysis with spatio-temporal
and driver praxeological features. Engineering
Applications of Artificial Intelligence, 123,
106332.
https://doi.org/10.1016/j.engappai.2023.106332

Bau, B., Khosla, A., Oliva, A., Torralba, A., & Zhou, B.
(2017).  Network  dissection:  Quantifying
interpretability of deep visual representations.
Computer Vision and Pattern Recognition (CVPR),
Honolulu, HI, USA.pp. 3319-3327.
https://doi.org/10.1109/CVPR.2017.354.




Int. J. Exp. Res. Rev., Vol. 36: 76-88 (2023)

Bhatia, S., Yash S., & Lavika G. (2019). Lung cancer
detection: a deep learning approach. Soft
Computing for Problem Solving. J.C. Bansaletal.
(eds.), Soft Computing for Problem Solving,
Advances in Intelligent Systems and Computing
817, Springer, Singapore. pp. 699-705.
https://doi.org/10.1007/978-981-13-1595-4 55

Burhanuddin, M. A., & Mohammad, I. D. (2022).
Automatic lung cancer detection from CT image
using improved deep neural network and ensemble
classifier. Neural Computing and Applications,
34(12), 9579-9592.

https://doi.org/10.1007/s00521-020-04842-6.

Chao, H., Shan, H., Homayounieh, F., Singh, R., Khera,
R. D., Guo, H., & Yan, P. (2021). Deep learning
predicts cardiovascular disease risks from lung
cancer screening low dose computed tomography.
Nature Communications, 12(1), 1-10.
https://doi.org/10.1038/s41467-021-23235-4

Chaunzwa, T. L., Hosny, A., Xu, Y., Shafer, A., Diao, N.,
Lanuti, M., & Aerts, H. J. (2021). Deep learning
classification of lung cancer histology using CT
images.  Scientific  Reports, 11(1), 1-12.
https://doi.org/10.1038/s41598-021-84630-X.

Efros, A. A., Huh, M., Liu, A., & Owens, A. (2018).
Fighting fake news: Image splice detection via
learned self-consistency,” vol.abs/1805.04096.
http://arxiv.org/abs/1805.04096

Fergus, R., Krishnan, D., Taylor, GW., & Zeiler, M.D.
(2010).  Deconvolutional  networks, IEEE
Computer Society Conference on Computer Vision
and Pattern Recognition. pp. 2528-2535.
https://doi.org/10.1109/CVPR.2010.5539957.

Huang, P., Lin, C. T., Li, Y., Tammemagi, M. C., Brock,
M. V., Atkar-Khattra, S., & Lam, S. (2019).
Prediction of lung cancer risk at follow-up
screening with low-dose CT: a training and
validation study of a deep learning method. The
Lancet Digital Health, 1(7), e353-e362.
https://doi.org/10.1016/s2589-7500(19)30159-1

Jakimovski, G., & Davcev, D. (2019). Using double
convolution neural network for lung cancer stage
detection.  Applied  Sciences, 9(3), 427.
https://doi.org/10.3390/APP9030427

Kadir, T., & Gleeson, F. (2018). Lung cancer prediction
using machine learning and advanced imaging
techniques. Translational Lung Cancer Research,
7(3), 304. https://doi.org/10.21037/tlcr.2018.05.15

Lakshmanaprabu, S. K. (2019). Optimal deep learning
model for classification of lung cancer on CT
images. Future Generation Computer Systems, 92,

DOl:https://doi.org/10.52756/ijerr.2023.v36.007

374-382.
https://doi.org/10.1016/j.future.2018.10.009
Masood, A. (2018). Computer-assisted decision support
system in pulmonary cancer detection and stage
classification on CT images. Journal of Biomedical

Informatics, 79, 117-128.
https://doi.org/10.1016/j.jbi.2018.01.005

Nasrullah, N., Sang, J., Alam, M. S., Mateen, M., Cai, B.,
& Hu, H. (2019). Automated lung nodule detection
and classification using deep learning combined
with multiple strategies. Sensors, 19(17), 3722.
https://doi.org/10.3390/s19173722

Newsam, S., & Yang, Y. (2010). Bag-of-visual-words
and spatial extensions for land-use classification.
pp. 270-279.

https://doi.org/10.1145/1869790.1869829.

Ozdemir, O., Rebecca, L. Russell., & Andrew, A. B.
(2019). A 3D probabilistic deep learning system
for detection and diagnosis of lung cancer using
low-dose CT scans. IEEE Transactions on Medical
Imaging, 39(5), 1419-1429.

https://doi.org/10.48550/arXiv.1902.03233.

Park, S., Lee, S. M., Do, K. H., Lee, J. G., Bae, W., Park,
H., & Seo, J. B. (2019). Deep learning algorithm
for reducing CT slice thickness: effect on
reproducibility of radiomic features in lung cancer.
Korean Journal of Radiology, 20(10), 1431-1440.
https://doi.org/10.3348/Kkjr.2019.0212.

Polat, H., & Homay, D. M. (2019). Classification of
pulmonary CT images by using hybrid 3D-deep
convolutional neural network architecture. Applied
Sciences, 9(5), 940.

https://doi.org/10.3390/app9050940

Pramanik, A. R., Sarkar, S., & Sarkar, B. (2022).
OSWMI:  An objective-subjective  weighted
method for minimizing inconsistency in
multicriteria decision making. Computers &
Industrial Engineering, 169, 108138.
https://doi.org/10.1016/j.cie.2022.108138.

Pramanik, A., Sarkar, S., & Maiti, J. (2021). A real-time
video surveillance system for traffic pre-events
detection. Accident Analysis & Prevention, 154,
106019. https://doi.org/10.1016/j.aap.2021.106019

Punithavathy, K., Sumathi, P., & Ramya, M. M. (2019).
Performance evaluation of machine learning
techniques in lung cancer classification from
PET/CT images. FME Transactions, 47(3), 418-
423. https://doi.org/10.5937/fmet1903418p.

Qin, R., Wang, Z., Jiang, L., Qiao, K., Hali, J., Chen, J., &
Yan, B. (2020). Fine-grained lung cancer
classification from PET and CT images based on




Int. J. Exp. Res. Rev., Vol. 36: 76-88 (2023)

multidimensional attention mechanism.
Complexity, pp. 1-12.

https://doi.org/10.1155/2020/6153657.

Reddy, N. S., &Khanaa, V. (2023). Diagnosing and
categorizing of pulmonary diseases using Deep
learning conventional Neural
network. International Journal of Experimental
Research and Review, 31(Spl Volume), 12-22.
https://doi.org/10.52756/10.52756/ijerr.2023.v31sp
1.002

Riquelme, D., & Moulay, A. (2020). Deep learning for
lung cancer nodules detection and classification in
CT scans. Al, 1(1), 28-67.

https://doi.org/10.3390/ai1010003.

Ruan, J. (2022). Development of deep learning-based
automatic scan range setting model for lung cancer
screening low-dose CT imaging. Academic
Radiology, 29(10), 1541-1551.
https://doi.org/10.1016/j.acra.2021.12.001.

Saha, A., & Yadav, R. (2023). Study on segmentation
and prediction of lung cancer based on machine

learning approaches. International Journal of
Experimental Research and Review, 30, 1-14.
https://doi.org/10.52756/ijerr.2023.v30.001.
Sarkar, S., Pramanik, A., Maiti, J., & Reniers, G. (2020).
Predicting and analyzing injury severity: A
machine learning-based approach using
classimbalanced proactive and reactive data. Safety
Science, 125, 104616.
https://doi.org/10.1016/j.ssci.2020.104616.
Shakeel, P.M., Wang, S. (2019). Predicting EGFR
mutation status in lung adenocarcinoma on
computed tomography image using deep learning.
European Respiratory Journal, 53(3), 1800986.
https://doi.org/10.1183/13993003.00986-2018.
K.H. (2020). Reproducible machine learning
methods for lung cancer detection using computed
tomography images: Algorithm development and
validation. Journal of Medical Internet Research,
22(8), e16709. https://doi.org/10.2196/16709.

Yu,

/How to cite this Article:

~

Vishnu Kumar Mishra, Megha Mishra, Jitendra Sheetlani, Anoop Kumar, Priya Pachouri, Kimidi Parijatha, Thirunagari
Nagapraveena, Amulya Puttamallaiah and Mandala Naga Sravya(2023).The classification and segmentation of pneumonia using Deep
Learning Algorithms: A Comparative Study.International Journal of Experimental Research and Review, 36, 76-88.

DOI: https://doi.org/10.52756/ijerr.2023.v36.007

@ @@@ This work is licensed under a Creative Commons Attribu-
e tion-NonCommercial-NoDerivatives 4.0 International License.

J

DOl:https://doi.org/10.52756/ijerr.2023.v36.007



https://creativecommons.org/licenses/by-nc-nd/4.0/

