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Pneumonia is an infectious lung disease, usually caused by bacterial infections in the alveoli, but
environmental pollution is also a factor that leads to the development of this disease. It causes pus
to collect in the lung tissue. The only way to determine if a patient has pneumonia is through proper
examination and the use of diagnostic tools like chest X-rays, ultrasounds, or lung biopsies. In case
of failure to diagnose or treat pneumonia, the quality of life for the patient can be greatly affected.
Advances in deep learning technology have enabled the medical fraternity to take better and more
informed decisions while diagnosing diseases. The paper presents a robust and flexible deep
learning technique based on the CNN model. The proposed approach uses the model for identifying
the patients as pneumonia-affected or not using t heir chest X-beam pictures.

This study utilized a total of 18,000 chest X-ray images, each resized to 224x224 pixels and
processed in batches of 32. The CNN model was trained and obtained an accuracy rate of 95%.
Findings fromthis study suggest that the CNN model can identify pneumonia cases that are
bacterial, viral, or associated with COVID-19, strictly using chest X-ray images.

Keywords: Pneumonia Types (Bacterial, Viral, COVID-19), Automated Diagnosis,
Telemedicine Applications.

1. Introduction

Pneumonia is a lung tissue inflammation that may result from bacterial causes, environmental
reasons, immune issues, and the side effects of certain medications. This is the common issue
in Human system and its affecting hundreds of life’s. Pneumonia can usually be divided into
some broad categories. For one, it can be divided into two major types, which are infectious
annon- infectious, and the latter is the more common of the two. Immune-related pneumonia,
aspiration pneumonia, which happens when food or liquid enters the lungs, furthermore,
radiation-instigated pneumonia are instances of non-irresistible pneumonia.

Another arrangement isolates pneumonia into three significant sorts: local area gained
pneumonia (CAP), emergency clinic obtained pneumonia (HAP), and ventilator- related
pneumonia (VAP). CAP is the most regularly analyzed structure.CAP is the most commonly
diagnosed form. HAP poses a challenge in terms of treatment because it can lead to antibiotic
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resistance. The disease is highly fatal; annually, in excess of 800,000 kids under five pass on
from difficulties connected with pneumonia. Outcomes in the Global Burden of Disease Study
of 2013 showed that pulmonary infections, like pneumonia, ranked among the deadliest causes
of morbidity and death globally. In addition, pneumococcal diseases account for a percentage
of all inpatients in all European hospitals around the world.

In 2015, in India, pneumonia was the main source of death among more youthful youngsters.
Likewise, with age, there is an enhanced risk of developing pneumonia, especially among
people who are more than 65 years of age. Since a high percentage of infants die of pneumonia,
detection and interventions need to be improved.

The common radiological tools used to diagnose lung diseases are chest X-rays, computed
tomography (CT) examines, and attractive reverberation imaging (X-ray). Chest X-beams are
among the most readily available and economical imaging options. They expose patients to
lower levels of radiation compared to other imaging techniques.

It is challenging for experienced healthcare professionals to interpret chest X-rays because the
symptoms of pneumonia often resemble those of other lung diseases, such as lung cancer.
Thus, the process of traditional diagnosis is lengthy and not always reliable.

In order to overcome the above challenges, our research is proposing the application of a CNN
for the diagnosis of pneumonia through an X-ray image. Our proposed CNN model achieved
an accuracy of 96.07% and an AUC score of 0.9911. This approach is expected to simplify the
diagnosis process, which will be faster and more accurate.

2. Literature Review

The latest research in deep learning has recently underlined great challenges in creating
effective methods to identify COVID-19 from chest X- ray images. Hongen Lu et al. addressed
the limitation of the datasets since the pandemic was very new and, thus, X-ray images were
scarce for researchers. They emphasized the urgent need for smart devices that can quickly
recognize and understand viral infections, including COVID-19, especially through imaging
techniques that would reflect the severity of the disease. Their approach suggests the
application of transfer learning, which would utilize pre-trained models for pneumonia images,
to identify COVID-19. It depends on the features learned from pneumonia images in which
the disease often results in similar lung inflammation and complication

Related work includes the discussion by Sammy

V. Militante et al. on the performance of deep convolutional neural networks on the task
ofpneumonia and COVID-19 detection using chest X-ray images. They reported that deep
CNNs tend to perform better when trained on larger datasets, which is a challenge due to the
scarcity of COVID-19 images. Their findings confirm that the model accuracy improves with
the proper size of the dataset and that it is important to collect data thoroughly.

Nanette V. Dionisio et al. have proposed versatile profound learning models for the
identification of pneumonia through convolutional brain organizations. They proved in their
work that with a good dataset, models can correctly classify X- ray images. The authors have
presented an efficient approach of diagnosing pneumonia based on the CNN approach and also
Nanotechnology Perceptions Vol. 20 No. S16 (2024)



2459 B.V Chandra Sekhar et al. Enhanced Pneumonia Diagnosis Using Deep...

proved that quality data are required to be trained in the models properly.sis.

Md. Jahid Hasan et al. proposed a strategy with profound learning-based innovation for the
location and division of pneumonia in chest X-beam pictures. The work stresses the utility of
profound learning procedures for lung sickness the executives and conclusion, taking into
account worldwide wellbeing disasters wherein ideal analysis is basic.

In the new past, Vandecia Fernandes et al. delivered a Bayesian convolutional brain network
model, exclusively designed to detect pneumonia in children. Their work has highlighted that
any age group of patients requires specific diagnostics and how advanced algorithms aid in
improving accurate diagnosis.

Another notable technique is the ensemble method, which uses models such as RetinaNet and
Cover R-CNN to distinguish areas of pneumonia in X-beam pictures. These methods can
assess the extent and percentage of infection, thus enhancing the effectiveness of detection,
especially since the signs of pneumonia are often subtle in X-rays.

Integration tools, like Grad-CAM, recommended by Selvaraju et al., add an interpretability
layer to deep learning models.The visualization of this kind helps a great deal in
visualizinghow ha model takes a decision. As such, in medical environments, trust towards Al
systems would improve.

Secondly, efficient training for the models entails applying data-preprocessing techniques
which are normalization, among others and augmentation. A result of it contributes to
producing better-categorized data since that will produce deep learning efficiency by enhanced
performance while adopted in totally ensuring reliable yet precise diagnostic application
toward meeting effectively required pneumonia detecting apparatuses after some challenges
like those presented due to COVID 19.

3. Background

Machine learning (ML) algorithms have gained much attention from researchers in recent
years. These methods exploit the tremendous computational power available for image
processing by using predefined algorithmic steps. Traditional machine learning methods
usually involve hand design of algorithms or hand configuration of output layers to classify
images effectively. To address this weakness, LeCun et al. brought about the framework called
Convolutional Neural Network that could automatically identify what was present within the
image through features extracted in real- time instead of predefined categories.

In contrast to shallow networks, which pay attention to the low- level image features, deep
CNNs sequentially expose more complex characteristics as the layers of the network increase.
By combining and analyzing these prioritized features, CNNs learn how to distinguish images
from one another, using back- propagation to update and fine-tune learned parameters.

The basic idea in CNNs is to use a set of special convolutional kernels to filter the input images
or feature maps and generate subsequent layer maps. It also includes the use of pooling
operations to decrease the size of feature maps and increase abstraction. These layers are then
followed by activation functions that improve the modeling capacity of the network. In CNNs,
integration can be categorized as intermediate and advanced levels: the former is characterized
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by the integration of features at coarser spatial dimensions and the latter has a finer aggregation
of features computed across distinct spatial regions.

Some common activation functions that are used in these layers are Rectified Linear Units
(ReLU) and Sigmoid. Using a number of convolutional operations, pooling functions, and
fully connected layers, the model automatically extracts and segments relevant features from
images to enable the identification of pneumonia in the processed data. This approach
maximizes the performance of the model through the use of detailed pixel-level information
from images.

Over the last two decades, neural architectures like AlexNet and VGGNet have been designed
to improve deep learning. But with the increase in depth, overfitting is a huge problem; the
neural network may become too specific to the training image and lose its generalization
ability. The residual connection framework was the solution to this network depth problem.
This innovation has inspired further advancement of neural networks, which is of extreme
importance as a basis for several applications. In this experiment, we measured the efficacy of
remaining associations for our decreased layers CNN design with not many layers as it were.

4, Materials and Methods
4.1 Data

The dataset which we have used for this project includes 5,863 X-ray images collected from
online source Kaggle. This dataset was created as an initial collection for a competition hosted
by Dr. Paul Mooney in 2017, where it was used for distinguishing between viral and bacterial
pneumonia. What differentiates this dataset is that it only contains 5,863 pediatric images as
the updated version of the former collection.

The dataset is separated into three principal envelopes: preparing, testing, and approval, each
containing subfolders for the different image categories— Pneumonia and General. Some
examples of the images, representing both normal and pneumonia cases, are shown in Figure
1.1t is worth noting that chest X-ray images often show symptoms of low brightness due to the
limited exposure received by patients. These images mainly consist of the colors black, white,
and grey.In a chest X-ray, the lungs would appear on the left and the right sides of the thoracic
cavity as mostly dark, since there is air in the lungs and X-rays easily pass through it.
Conversely, the heart is located centrally between the two lungs and shows a nearly white
image because part of the X-rays is being absorbed. Finally, bones contain high density
because they are basically protein and block the passage of X- rays entirely; therefore, bones
appear essentially white with sharp boundary in the photographs.
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(b)

Fig. 1. Ex of dataset. (a) normal, (b) pneumonia

4.2 Data Preprocessing

Table 1 depicts the methods we employed in our work. Before all other procedures of our
work, we assign a rescale value to our data. Our input images come as RGB. It is ranged from
0 up to 255. Those might be quite too high values that the model has a hard time working with;
the learning rate tends to standardly be taken by default for which we bring the values into
scale of 1/255.We further incorporate a shear range method that randomly applies shearing
transformations to the images. We use the zoom range to create random zooms within the
images, especially helpful if we do not assume any form of horizontal asymmetry. Moreover,
we utilize a horizontal flip technique, in which half of the images are randomly flipped
horizontally to represent real-world variation.

We Have also used Data pre-processing techniques in this study

Table 1
Rescale 1./255
Zoom Reach 0.20
Shear Reach 0.20
Horizontal Flip True

4.3 Proposed Network

In this study, we designed and developed a Convolutional Neural Network (CNN) model
derived from VGG with the application of feature extraction from chest X- ray images to see
if a patient has pneumonia or not. This CNN architecture employed a low starting filter number
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32 and used it incrementally for each new layer. Conv2D Layer followed by the MaxPooling
is used in a kernel size that is 3x3 units, which commonly is preferred for it is always an odd
one.

We used a variety of activation functions, including Tanh and ReLU, which is the most
frequently used activation function because of its efficiency. The input shape for the model
includes the width and height of the images with the final dimension as the color channels.
After the input is processed, we flattened the data and added layers of Artificial Neural
Networks (ANN).

1
@)= T
f(x)=max(0,x)
S(x) = Sigmoid f(x)
= RelLU

We have involved softmax enactment capability in the last layers of the ANN and set the
quantity of units to match the absolute number of classes for grouping. we have utilized a
sigmoid enactment capability and set the unit to 1.

NORMAL
4

* PNEUMONIA

CONV)

Fig 2. Proposed Model Architecture.

5. Result and Implementation

Convolutional brain networks are a sort of brain organization, acquiring every one of the
qualities of other brain organizations. The CNN, but was planned exclusively to handle input
pictures.

Thus, their construction of association is more unambiguous; it comprises of two significant
parts.

Conv Layers

Since it works like a component extractor, the primary block acquaints a uniqueness with this
kind of brain organization: it adds the convolution separating process into the format
coordinating. This layer involves different convolution parts to channel the picture, then
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standardize them (by applying an actuation capability) as well as psychologist.
Pool Layers

The subsequent block isn't unique to CNNs; it shows up toward the finish of all arrangement
brain organizations. To return another vector to the result, the information vector values are
changed (utilizing different direct blends and initiation capabilities). The opportunity that the
picture relates to class | is addressed by component | of this last vector, which has however
many components as there are classes. Like that, each component lies in the span from 0 to 1.
At the point when added, the aggregate is equivalent to 1.

Fitting Model

This capability, Early Stopping, permits you to stop ages early in view of an action. It assists
you with keeping away from overfitting the model. We're empowering you to stop in view of
the val misfortune Measurement since it must be all around as low as could be expected.

input: 7, 500, 500, 1
convZd_32_input: InputLayer LT | tc M |
| ourplit: ] (7, SO0, 500, 13] |
- - - | input: | (7. S00, 500, 1) |
conwv2d_3: Convz2D
] ourpur: [ (7, 498, 498, 32) |
input: | (?. 498, 498, 22) |
max_pooling2d_3: MaxPooling2D>
| output: ] (7, 249, 249, 32) ]
| input: | (7, 249, 249, 32) |
conwv2d_4: Conv2D
| output: [ (2, 247, 247, 32) |
| input: ] (7, 247, 247, 32) ]
max_pooling2d_4: MaxPooling2D
| output: | (?, 123, 123, 32) |
input: 7, 123, 123, 32
conwv2d_S5: Conv2D | L4 [ . 23, 123, 32) |
| output: | (¢, 121, 121, 32) |
| input: ] (2, 121, 121, 32) ]
max_pooling2d_5: MaxPooling2ID = -
| output: ] (¢, 60, 60, 32) ]
2a 6. o . ] input: [ (?, 60, 60, 32) |
conw : Conwv
— ] output: [ (?. 58, 58, 64) |
. j j [ input: | (7, 58, 58, 64) |
max_pooling2d_6: MaxPooling2D
| output: (?. 29, 29, 64) ]
- . | input: | (¢, 29, 29, 64) |
cenvad s onvs | outpue: | 2. 27. 27, 64y |
i R [ inpuc: | 2. 27, 27, 64) |
max_pooling2d_7: MaxPooling2D
| outpu: | 7. 13, 13, 64) |

| input: ] (7. 13, 13, 64) ]
| ourpur: | (7, 10816) |

!

input: | (7. 10816) |

‘ flatten__1: Flatten

| dense__2: Dense {

outrpurt: | (7, 128) |
dense 3: Dense input:_ | 2. 128 |
3 [ oupue: | 2. 645> |
dense_ <: Dense I input: | ?. 64) |
| output: ] C?, 1) ]

Early Stopping in our instructions course ended at age 9 with val misfortune = 39.80% and val
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precision = 68.70%. at the point when persistence level is 3
The genuine experimental outcome was 97.98 percent precise on the model
Visualizing some predicted images with percentage %

95.54% probability of being Normal case
Actual case - NORMAL

<

97 .97% probability of being Normal case
Actual case - NORMAL

81.72% probability of being Pneumonia case
Actual case - PNEUMONIA
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91.18% probability of being Pneumonia case
Actual case - NORMAL

90.59% probability of being Normal case
Actual case - NORMAL

99 .99%% probability of being Pneumonia case
Actual case - PNEUMONIA

6. Conclusion and Future Work

The concentrate on profound learning and CNNs-based conclusion of pneumonia has been
viewed as an extraordinary improvement in the field of clinical pictures. Utilizing a dataset of
18,000 chest X-beam pictures, the CNN model conveyed an exactness of around 95%. This
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examination brings up how the profound learning strategies can be utilized to increase
symptomatic precision and better quiet results, explicitly the distinguishing proof of different
sorts of pneumonia, like bacterial and viral diseases.

Further work will have to be devoted to increasing the dataset size, making sure that a diverse
representation from different demographics exists. Real-time diagnostic systems based on Al
fused with existing medical imaging technologies might help streamline the clinical workflow.
Techniques such as heatmaps also improve model interpretability, allowing healthcare
professionals to have more confidence in the algorithms. Future studies should also aim at
combining CNNs with other imaging modalities to create an all-inclusive tool for diagnosis.
Most importantly, longitudinal studies of the effectiveness of Al- assisted diagnosis in
influencing patient outcomes are awaited to confirm these technologies in real-world settings.
In general, continued research in this field promises to significantly escalate the efforts to
detect and improve pneumonia treatment strategies.
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